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A en Marc perquè, a més de fer-me anar a l’Eurathlon, creu que l’escàner laser té un lloc
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Abstract
The 3D perception and mapping problem are very closely related with the robot localization and has not been yet solved up to a degree that allow AUVs to interact with complex
environments safely. By providing AUVs with better 3D perception and improving their
localization the usage of AUVs in tasks such as Inspection, Maintenance and Repair (IMR)
can increase. Since these tasks are currently done with Remote Operated Vehicles (ROVs),
this would produce an economical impact in the operational cost because AUV operations
are cheaper than ROV ones.
This thesis presents different solutions to the 3D perception and mapping problem
using acoustic and laser sensors. The first part of this thesis presents a full 3D EKF SLAM
using a multibeam echosounder. In this algorithm, the swath profiles of the multibeam
are combined with the robot DR navigation to produce sub-maps of the area to explore.
The central position of each sub-map is stored in a pose-based EKF SLAM. When two
sub-maps are overlapping, a pICP registration algorithm estimates their relative position.
This algorithm coarsely aligns the sub-maps using a point-to-point error metric and then,
it uses a point-to-plane error metric to refine the alignment. Moreover, the association
complexity of the pICP is decreased from O(n2 ) to O(n) using an heuristic based on the
probabilistic representation of points. The results of the pICP registration algorithm are
used as observations between the different positions in the EKF. This SLAM framework
is tested in different experiments using either a down-looking multibeam configuration
producing 2.5D bathymetric maps or with the multibeam mounted on a pan and tilt
actuator scanning from a down-looking to a forward looking configuration producing 3D
scans.
The second part of the thesis presents a new underwater 3D laser scanner to increase
the 3D perception resolution, accuracy and frame rate when compared to the multibeam
echosounder. The underwater laser scanner consists of a camera and a laser line projector
that is scanned across an area of interest using a mirror actuated with a galvanometer, both
sealed with flat viewports. The use of flat viewports produce distortion in the projected
laser light. This deformation is studied by proposing a ray-based model of the sensor. In
this thesis we propose to use an elliptical cone to represent the surface where the light
travels underwater. The elliptical cone represents the underwater laser light better than
a plane (the surface used in similar underwater laser scanners) because it can represent
the overall curvatures of the projected light, including a straight line. Then, we propose
a calibration procedure to estimate the parameters of the ray-based model as well as the
elliptical cones for the different incident angles between the laser and the viewport. The
1

experimental results show that the scanner has a sub-millimetric precision and that the
use of an elliptical cone not only produces a better representation of the underwater light
than a plane, but also outperforms the triangulation using the ray-based model without
losing accuracy.
Finally, the thesis presents two practical applications of the newly developed underwater laser scanner. First, we use the scanner in a pose-based EKF SLAM where the position
of different scans are corrected using a feature-based coarse registration refined with an
Iterative Closest Point (ICP). The developed EKF SLAM is tested in an inspection of
an underwater pipe and valve structure with the Girona 500 AUV and the laser scanner
in the water tank. Second, the scanner is used in conjunction with two different underwater manipulation systems. The first manipulation experiment uses a fixed-base 8 DoF
manipulator with the task of moving cyclically through 3 different way-points without
colliding with the a priory unknown objects in the scene. In this experiment, the scanner
is used to update the map that the planner uses to compute safe trajectories. The second
manipulation experiments uses a 4 DoF manipulator mounted onto Girona 500 AUV to
pick up an amphora from the bottom of the water tank. In this experiment the scanner is
used to detect the amphora pose and compute the grasping approach pose as well as the
grasping pose.
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Resum
La percepció tridimensional (3D) i el mapeig són problemes estretament relacionats amb
la localització del robot i encara no han estat solucionats fins al punt de permetre als vehicles submarins autònoms (AUVs) interactuar amb entorns complexos de manera segura.
Proveint els AUVs d’una millor percepció 3D i una millor localització, l’ús dels AUVs en
tasques d’inspecció, manteniment i reparació (IMR) pot incrementar-se. Donat que aquestes tasques actualment es fan amb vehicles submarins operats remotament (ROVs), això
produiria un impacte econòmic en el cost d’operació perquè el cost d’operar un AUV és
menor que el d’un ROV.
Aquesta tesi presenta diferents solucions al problema de percepció 3D i mapeig fent
servir sensor acústics i de làser. La primera part d’aquesta tesi presenta un algorisme 3D
de localització simultània i mapeig (SLAM) basat en un filtre de Kalman estès (EKF)
i fent servir una sonda acústica multifeix. L’algorisme combina els perfils del terra del
multifeix amb la navegació per estima (DR) per produir submapes de l’àrea d’exploració.
La posició central de cada submapa es guarda en un EKF SLAM. Quan dos submapes
es solapen, la formulació probabilı́stica del mètode de registre punt més proper iteratiu
(pICP) n’estima la posició relativa. Aquest algorisme fa servir una associació punt a
punt per obtenir una primera alineació aproximada dels submapes i, després, utilitza
una associació punt a pla per tal de refinar l’alineament. A més a més, la complexitat
de l’associació del pICP es redueix de O(n2 ) a O(n) utilitzant una heurı́tsica basada en
la representació probabilı́stica dels punts. Els resultats del pICP es fan servir com a
observacions relatives entre les diferents posicions de l’EKF. Aquest algorisme de SLAM
s’ha provat en diferents experiments fent servir sonars multifeix muntats en diferents
configuracions: en el muntatge convencional mirant cap al fons marı́ per produir mapes
batimètrics dos-i-mig-dimensionals (2.5D) aixı́ com muntat en un actuador rotatiu de dos
eixos movent el multifeix iterativament des de la posició inferior cap a la posició frontal
produint mapes 3D.
La segona part de la tesi presenta un escàner làser submarı́ 3D per incrementar, respecte
del sensor acústic multifeix, la resolució, precisió i freqüència de la percepció 3D. L’escàner
làser submarı́ està format per una càmera i un projector de lı́nia làser que escaneja una
àrea d’interès fent servir un mirall actuat per un galvanòmetre, ambdós sellats per una
finestra plana. L’ús d’aquests tipus de finestra produeix una distorsió en la llum làser
projectada. Aquesta deformació s’estudia creant un model del sensor basat en raigs. En
aquesta tesi proposem utilitzar un con el·lı́ptic per representar la superfı́cie per la qual la
llum es propaga a sota l’aigua. El con el·lı́ptic representa millor el feix de llum submarı́
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que un pla (la superfı́cie tı́picament utilitzada en altres escàners làser submarins) perquè
pot representar els diferents graus de curvatura de la llum projectada, incloent una lı́nia
recta. També proposem un mètode de calibratge per estimar els paràmetres del model
basat en raigs aixı́ com dels cons el·lı́ptics pels diferents angles d’incidència entre la
finestra i el làser. Els resultats experimentals mostren com l’escàner làser té una precisió
submil·limètrica i que l’ús del con el·lı́ptic no només produeix una millors representació
que un pla, sinó que també millora el temps de càlcul, sense perdre precisió, quan es
compara amb el model de raigs.
Finalment, aquesta tesi presenta dues aplicacions pràctiques d’ús de l’escàner làser
submarı́. Primer, el sensor es fa servir en un EKF SLAM de posició on les posicions del
robot corresponents a cada escaneig es corregeixen mitjançant un registre bast de núvol
de punts basat en caracterı́stiques que es refinen amb un registre de punt més proper
iteratiu (ICP). L’algorisme d’EKF SLAM es posa a prova en la inspecció d’una estructura
de tubs i vàlvules amb el robot Girona 500 AUV i l’escàner làser en un tanc d’aigua. En
segon lloc, l’escàner es fa servir conjuntament amb dos sistemes de manipulació diferents.
El primer experiment de manipulació fa servir un manipulador de 8 graus de llibertat
(DoF) que té la tasca de moure’s de manera cı́clica a tres posicions sense xocar amb els
objectes de l’entorn, desconeguts a priori. En aquest experiment, l’escàner làser es fa servir
per actualitzar el mapa que l’algorisme planificador de trajectòries fa servir per calcular
trajectòries segures. El segon experiment de manipulació fa servir un manipulador de 4
DoF muntat en el Girona 500 AUV per agafar una àmfora del fons del tanc d’aigua. En
aquest experiment l’escàner làser s’utilitza per detectar l’àmfora i calcular-ne la posició
d’aproximació i la d’agafar l’objecte.
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Resumen
La percepción tridimensional (3D) y el mapeo son problemas ı́ntimamente relacionados
con la localización del robot y aún no se han solucionado hasta el punto de permitir a
los robots autónomos submarinos (AUVs) interactuar con entornos complejos de manera
segura. Dotando los AUVs de una mejor percepción 3D y una mejor localización, el uso
de AUVs en tareas de inspección, mantenimiento y reparación (IMR) puede incrementar.
Dado que actualmente estas tareas se hacen con robots submarinos operados remotamente
(ROVs), esto producirı́a un impacto económico en el coste de operación ya que el coste de
los AUVs es menor que el de los ROVs.
Esta tesis presenta distintas soluciones al problema de la percepción 3D y el mapeo
utilizando sensores acústicos y de láser. La primera parte de la tesis presenta un algoritmo
3D de localización simultánea y mapeo (SLAM) basado en un filtro de Kalman extendido
usando una sonda acústica multihaz. El algoritmo combina los perfiles del fondo marino
de la sonda multihaz con la navegación por estima (DR) para producir submapas del
área de exploración. La posición central de cada submapa se guarda en un EKF SLAM.
Cuando dos submapas se solapan, la formulación probabilı́stica del método de registro
punto más próximo iterativo (pICP) estima su posición relativa. Este algoritmo utiliza una
asociación punto a punto para obtener una primera alineación aproximada de los submapas
y luego, utiliza una asociación punto a plano para refinar el alineamiento. Además, la
complejidad de la asociación de puntos del pICP se reduce de O(n2 ) a O(n) utilizando
una heurı́stica basada en la representación probabilı́stica de los puntos. Los resultados del
pICP se usan como observaciones relativas entre las distintas posiciones del EKF. Este
algoritmo de SLAM se ha probado en distintos experimentos usando un sonar multihaz
montado mirando hacia abajo produciendo mapas dos-y-medio-dimensionales (2.5D) ası́
como montado en un actuador rotativo de dos ejes moviéndolo de mirando hacia abajo a
mirando en frente para producir mapas 3D.
La segunda parte de la tesi presenta un escáner láser submarino 3D para incrementar, respeto al sensor acústico multihaz, la resolución, la precisión y la frecuencia de la
percepción 3D. El escáner láser submarino está formado por una cámara y un proyector de lı́nea láser que escanea un área de interés utilizando un espejo actuado por un
galvanómetro, ambos sellados por una ventana plana. El uso de este tipo de ventanas
produce una deformación en la luz láser proyectada. Esta deformación se estudia creando
un modelo del sensor basado en rayos. En esta tesis proponemos utilizar un cono elı́ptico
para representar la superfı́cie por la cual la luz se propaga debajo el agua. El cono elı́ptico
representa mejor el haz de luz submarino que un plano (la superfı́cie tı́picamente utilizada
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en otros escáneres láser submarinos) porque representa los distintos grados de curvatura
de la luz proyectada, incluso una lı́nea recta. También proponemos un método de calibrar
para estimar los parámetros del modelo basado en rayos ası́ como los conos elı́pticos para
los distintos ángulos de incidencia entre la ventana y el láser. Los resultados experimentales muestran como el escáner láser tiene una precisión sub milimétrica y que el uso del
cono elı́ptico no solo produce una mejor representación que un plano, sino que también
mejora el tiempo de cálculo comparado con el modelo de rayos sin perder precisión.
Finalmente, esta tesis presenta dos aplicaciones prácticas de uso del escáner láser
submarino. Primero, el sensor se usa en un EKF SLAM de posición donde cada posición
del robot correspondiente a cada escaneo se corrige mediante un registro basto de nube
de puntos basado en caracterı́sticas que se refinan mediante un registro de punto más
próximo iterativo (ICP). El algoritmo de EKF SLAM es testeado en la inspección de una
estructura de tuberı́as y válvulas con el robot Girona 500 AUV y el escáner láser en un
tanque de agua. En segundo lugar, el escáner se utiliza conjuntamente con dos sistemas de
manipulación distintos. El primer experimento de manipulación utiliza un manipulador
de 8 grados de libertad (DoF) que tiene como misión moverse de manera cı́clica entre tres
posiciones sin chocar con el entorno, a priori desconocido. En este experimento, el escáner
láser se utiliza para actualizar el mapa que el algoritmo planificador de trayectorias usa
para calcular trayectorias seguras. El segundo experimento de manipulación utiliza un
manipulador de 4 DoF montado en el Girona 500 AUV par agarrar una ánfora del fondo
de un tanque de agua. En este experimento el escáner láser se utiliza para detectar la
ánfora y calcular la posición de aproximación y agarre del objeto.
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1
Introduction

n this chapter we present the main problems that motivated this Ph.D. thesis: to develop new
Imotivations
techniques for underwater 3D perception to improve real world underwater applications. The
as well as the relationship with real-world applications and the constrains of the state

of the art are introduced in Section 1.1. Next, we state the objectives of this thesis in Section 1.2
and we describe briefly the context in which this work has been done in Section 1.3. Finally the
organization of the thesis is presented in Section 1.4.
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1.1

Chapter 1. Introduction

Motivation

Ocean exploration has increased significantly during the last decades in different fields.
This is not particularly surprising since 71% of the Earth surface are oceans and only
5% of them can be considered explored [22]. On one hand, the science community is
constantly exploring in fields such as oceanography [23], marine geology [24], underwater
archaeology [25, 26], environmental monitoring [27] and damage assesment [28]. On the
other hand, cable laying, oil and gas drilling, offshore wind farms and, in general, offshore
industries are increasing their operations in the oceans with a big increase of the Inspection,
Maintenance and Repair (IMR) applications [29, 30]. Early underwater exploration begun
using manned submersibles, which is a technology still in use. However, the use of Remote
Operated Vehicles (ROVs) increases the safety of the operation as well as the bottom time
because the crew of vehicle can be changed without the need of the ROV returning to
the surface. This, also decreases the cost of operation and exploration when compared
to manned submersibles. ROVs are used every day in ocean exploration and offshore
operations, however, they require a support vessel which makes the operation expensive.
This has pushed the technology forward and the use of Autonomous Underwater Vehicles
(AUVs) is being normalized every day.
AUVs provide a stand-alone platform detached from any support infrastructure that
can perform missions without a direct human intervention or supervision [31]. In order to
get really autonomous AUVs, several key enabling technologies both software and hardware
need to be further developed. From a hardware point of view research has focused on
technologies such as batteries [32], acoustic modems [33, 34] or optical modems [35, 36].
On the software engineering side some of the most active technology development fields
are autonomous localization [37, 38], mapping and three-dimensional (3D) perception [39],
autonomous path planning and re-planning [40, 41] or autonomous intervention [42].
The 3D perception and mapping problem are very closely related to the robot localization. If the robot is poorly localized, the map resulting of accumulating all the 3D
information that the robot gathered would not be consistent and therefore, poorly informative. Obtaining more informative maps (i.e. more accurate 3D perception and mapping)
opens the capabilities of the AUVs in the fields where interaction with the environment is
necessary such as path planning and manipulation.

(a) LBL

(b) Single beacon

(c) Inverted LBL

(d) USBL

Figure 1.1: Different types of acoustic absolute positioning fixes.

Underwater navigation is based on Dead Reckoning (DR) integrating Doppler Velocity
Log (DVL), pressure and Attitude and Heading Reference System (AHRS) sensors. Using
this navigation approach, the vehicle estimate of its position suffers from an unbounded
error drift regardless of the use of high end Inertial Navigation System (INS) [43]. Using
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measurements from a Global Positioning System (GPS) receiver is a widely used solution
to bound such error. However, electromagnetic waves do not propagate efficiently through
the water, making the GPS solution not available when the vehicle is submerged. In
this case, Long Baseline (LBL) systems (see Fig. 1.1a) can be used for the same purpose
although the calibration of the acoustic network is required prior to the operation [44].
The calibration step can be reduced or eliminated by using single beacon methods [45,
46] (see Fig. 1.1b), inverted LBL or GPS Intelligent Buoys (GIB) [47, 48] (see Fig. 1.1c)
or Ultra-Short Baseline (USBL) [49] (see Fig. 1.1d) systems. However, these methods
confine the operational region to the area of coverage of the sensor network. TerrainBased Navigation (TBN) methods can remove this restriction when an a priori terrain
map of the area is available [18, 50, 51]. However, for a robot to be truly autonomous, it
should localize itself with the on-board sensors and without any external infrastructure.
If the vehicle can build and localize itself within a map while it is preforming its missions,
this restrictions would be avoid. This is fully summarized in the concept of Simultaneous
Localization and Mapping (SLAM).
Multiple underwater SLAM algorithms using either optical or sonar sensors are present
in the literature. On one hand, optical sensors provide high resolution and refresh rate at
a relatively low cost although they cannot operate in turbid waters. On the other hand,
sonar sensors can work in environments with turbid water because of the low attenuation
of sound in water. However, their cost is substantially higher when compared to optical
sensors and their resolution and refresh rate is lower.

(a) 2D photomosaic of a 17th century shipwreck [12].

(b) 3D reconstruction of the lower right corner (c) 3D reconstruction of a natural environment
of Fig. 1.2a [12].
using a multi-vehicle approach [52].

Figure 1.2: Different underwater image processed products.
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The underwater computer vision community has presented several works using passive lighting (i.e. ambient light or lamps and spotlights illuminating the whole scene).
Two-dimensional (2D) photomosaicking has been studied and several solutions have been
presented [25, 53] with later works incorporating multiple vehicles [21] as well as implementations developed having the end-used application in mind [54] or studying long term
evolution of underwater areas of interest [55] (see Fig. 1.2a). However, the assumption
of a planar world is wrong due to the parallax effect, which is more notorious in areas
with high relief. To solve this problem, the research community has also worked in 3D
reconstructions using monocular [56, 57] and stereo cameras [52, 58, 59, 60] in different
SLAM and Structure from Motion (SfM) approaches (see Figs. 1.2b and 1.2c). All these
techniques are strongly dependent in the texture in the image to extract key points and
describe them using feature descriptors to match them across several images.
The underwater community has also proposed SLAM algorithms using sonar. Similarly
to 2D photomosaicking, [61] presented a feature-based registration method to register
Forward-Looking Sonar (FLS) imagery while [62] developed a Fourier-based method to
build large-scale mosaics (see Fig. 1.3a). Moreover, several feature based methods have
been developed using sonar profilers for 2D SLAM [63, 64, 65, 66]. However, features can
not be extracted in a robust way in natural environments. For this reason, the research
evolved to featureless methods [67, 68] (see Figs. 1.3b and 1.3c). In the same way but
using multibeam echosounders, two-and-a-half-dimensional (2.5D) or bathymetric SLAM
has also focused in featureless approaches [69, 70, 71] or even spectral registration of
3D sonar data [72]. In contrast, [73] presented a 3D evidence grids SLAM tested in an
underwater tunnel in Mexico using multiple pencil-beam echosounders to perceive the 3D
information around the underwater vehicle. However, as far as the authors knowledge,
the state of the art was not presenting any full 3D underwater SLAM solution using a
multibeam echosounder.

(a) 2D FLS mosaic using [62].

(b) 2D acoustic map [67].

(c) 2D occupancy map [68] where gray is free space.

Figure 1.3: Different underwater sonar 2D SLAM results.
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The first contribution of this thesis presents the extension of [2] to a full 3D underwater SLAM using a multibeam echosounder [1]. In this work, we extended to 3D the
probabilistic registration algorithm [74] previously used in man-made environments [75] as
well as natural environments [67]. This work presents results using a normal down-looking
multibeam echosounder configuration (2.5D) of an area of geological interest as well as a
dataset gathered in a harbor where the sonar was mounted on a pan and tilt unit scanning
both the seabed and the harbor pier walls (3D).
Although this is a good approach to produce 3D maps, the acquisition time of a 3D scan
steering a multibeam using a pan and tilt unit is slow. In contrast in-air 3D perception
sensors, specially depth cameras and stereo imaging systems, provide video frame rate
3D point clouds. We have already discussed that stereo imaging is strongly dependent
in features. However, depth cameras use different technology based in projecting its own
structured light to retrieve the 3D information. Most of the commercially available depth
cameras work with infrared (IR) light and, although the distortion introduced by the
sealing housing can be compensated, IR is propagated only some tens of centimetres into
the water [76, 77]. Improving the underwater 3D perception and putting it closer to the
performance of in-air technology is key, specially if we are interested in automating IMR
operations, whose demand is increasing.

Figure 1.4: Water absorption spectrum for a wide variety of wavelengths [78].

In contrast to IR, visible light is less attenuated underwater (see Fig. 1.4). Several authors have presented works using different types of visible light to produce 3D reconstructions. Although [79] presents sub-millimetric accuracy in the 3D reconstruction results
using binary patterns, the reconstruction time of each frame does not allow the system to
work on-line. Moreover, the non-coherent light used in [79] does not propagate as good
as laser light which is highly collimated and has a higher optical density. Using laser, [80]
presents a work where a laser line is projected static with respect to the vehicle, producing
profiles similar to those of the multibem echosounder having the same full scan acquisition time restriction (i.e. the laser camera system has to be moved to gather scans). In
[81], the authors also prsent a fixed camera-laser system,in this case, recovering the RGB
information of a laser point using a secondary camera. Moreover, [71, 82] include this two
fixed camera-laser system into SLAM frameworks. In a similar way, [83] scans the laser
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line by mounting it on a robotic arm but the scan time does not allow for on-line full scan
gathering. An even more evolved system was presented in [84], where the same varying
laser soure problem as in [83] is solved by projecting two perpendicular laser planes and a
self calibrating method used at each individual shot. Using a laser source and a diffractive
optical element, [85] projects a multiple line pattern used to produce one-shot 3D reconstructions. Although this set up allows for on-line scan gathering as it takes only one
image to compute the reconstruction, the 25 projected lines produce a 3D reconstruction
with higher density of points along the laser lines and lower density across these. Other
works present non-fixed camera-laser systems where the laser line is scanned across the
image using an actuator. This produces a much faster scan than when steering the overall laser-camera system underwater because the inertia and friction of steering the laser
emitter [86, 87] or a mirror [88, 89, 90] is much lower. Moreover, this can increase the
density of points across the different projected laser lines as the step of the actuator can
be changed according to several parameters such as distance to target.
In all these systems where light is projected through a viewport towards an scene, and
the projected pattern is used to retrieve the 3D information of the observed surface, it is
very important to know how the structured light is distorted because of the refraction.
Neglecting the effects of the refraction will produce errors in the triangulation of the 3D
points. This effect can be minimized when using dome-shaped viewports [91]. However,
building dome-shaped viewports is more complex than flat viewports and, if the center
of the dome is not perfectly aligned with the focal point of the light, some distortion
produced by the refraction is still be present.
The second contribution of this thesis studies the refraction of the projected light and
how the lines are deformed when passing through the flat viewport used to seal the laser
projectors [7]. In this work we proposed to use an elliptical cone to represent the surface
that the laser light travels on in the underwater medium. The intersection of an elliptical
cone with a plane, in other words how the light would be projected onto a plane, can be
a straight line or a curve depending on the cone’s parameters. That, describes accurately
the different projected shapes of the laser due to a wide variety of incidence angles between
the light and the viewport.
As far as the authors know, the prior literature that about non-fixed camera-laser
systems with flat viewports did not take into account the curvature of the deformation.
Previous authors [88, 90] assumed that the refraction only affects the plane equation.
This assumption only holds when the laser and the flat viewport are perpendicular. The
third contribution of this thesis presents a new real-time underwater non-fixed cameralaser scanner and the full ray-based model and calibration procedure for the system with
flat viewport [4]. The presented ray-based model and calibration do take into account
the full 3D refraction of the projected light. Moreover, we also compute the elliptical
cones detailed in [7] from the calibrated system. Therefore, they can be used for real time
triangulation of the points, drastically reducing the speed of the 3D points computation
when compared to the ray-based model.
As we have previously explained, ocean operations have increased significantly in the
past years. We believe that, this newly developed sensor is a key enabling technology,
specially for IMR applications. In this way, the fourth and fifth contributions of this
thesis correspond to underwater applications requiring the use of this sensor.
The fourth contribution presents a pose-based SLAM, similar to the first contribution
[1], but using the designed underwater laser scanner [5]. In this work we use state of
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the art techniques to register point clouds gathered with the underwater laser scanner
mounted on an AUV. The registration is used in a pose-based Extended Kalman Filter
(EKF) SLAM to correct the robot drift while mapping an underwater structure including
pipes and valves.
The fifth and last contribution of this thesis describes the use of our laser scanner
together with two different manipulation platforms [6]. In this work, the underwater
laser scanner is used to provide real-time 3D point clouds of the environment where the
manipulator platform is moving. The work presents two different experiments. The first
one uses an 8 degrees of freedom (DoF) fixed-base manipulator to move around a cluttered
environment without colliding with any of the present objects. The second one uses an 8
DoF Underwater Vehicle-Manipulator System (UVMS) to autonomously grasp an object
located at the bottom of a water tank.

1.2

Objectives

With the motivations of this thesis described, we can now state our main goal as:
To research and develop methods and techniques for 3D underwater SLAM
using sonar and laser profiling sensors, applying them to navigation, mapping
and intervention.
This generalistic purpose goal can be divided into different small goals:
O.1 Underwater 3D SLAM using a multibeam echosounder: Develop a SLAM framework to correct the navigation drift of underwater vehicles as well as to estimate a
consistent 3D map using a multibeam echosounder capable of scanning in 3D. This
involves 3 sub-objectives:
O.1.1 Probabilistic registration: Extend to 3D the probabilistic registration previously used in some of the works in our research group [67, 74, 92]
O.1.2 SLAM framework: Propose a SLAM framework that can use the results
of the registration algorithm to improve the robot localization as well as the
produced map.
O.1.3 Experimental validation: Demonstrate the capabilities of the proposed
method through experimental validation.
O.2 Underwater laser scanner: To design, develop and test a real-time 3D laser scanner. To achieve real-time, a laser plane will be steered with a high-speed galvanometer, avoiding the movement of high inertia masses. The scene will be grabbed with
a camera able to segment and provide the enlighten pixels at high-speed. This
objective involves the following sub-goals:
O.2.1 Variable Speed/Resolution: The scanner will be adaptable to different
applications with different speed/resolution requirements. It will be able to
provide point clouds at high-speed but low-resolution or at slow-speed but highresolution.
O.2.2 Ray distortion model: A model of the propagation of the laser plane across
the different media, air-viewport-water, will be studied. The method is intended
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to explain the non linear distortion suffered by a laser plane when traversing a
flat viewport at different incidence angles.
O.2.3 Sensor Model and Calibration: Develop a calibration procedure for the
3D laser scanner able of taking into account the ray distortion model in order
to improve the system accuracy.
O.3 Underwater laser scanner applications: Test the real-time 3D laser scanner in
different underwater IMR applications:
O.3.1 Structure Inspection: Use the developed laser scanner for mapping and
inspection applications. Integrate the sensor in a pose-based SLAM where
the registrations between point clouds gathered at different times by the laser
scanner are used to correct the robot navigation drift.
O.3.2 Intervention: Demonstrate the capabilities of the system as a 3D sensor to
be used for subsea manipulation.

1.3

Context

The work presented in this thesis has been supported by the Spanish Ministry of Science,
Innovation and University with the FPI 2012 grant BES-2012-053857 and the projects
DPI2011-27977-C03-02 (COMAROB) and DPI2014-57746-C3-3-R (ARCHROV) as well as
the European Commission funded project H2020-TWINN-2015 (CSA)-692427 (STRONGMAR). The thesis has been conducted at the Underwater Robotics Research Center, Centre d’Investigació en Robòtica Submarina (CIRS), of the Computer Vision and Robotics
(VICOROB) Institute of the Universitat de Girona (UdG). The research of this group
started in 1992 and have received funding support for national and European research
projects. During the last 19 years, the team has developed several AUVs prototypes:
• GARBI [93] was the first underwater vehicle designed at the UdG and it was initially
conceived as an ROV and later redesigned as an AUV.
• URIS [94] was a very light AUV.
• Ictineu [95] won the first Student Autonomous Underwater Challenge - Europe
(SAUC-E) competition in 2006 [96].
• Sparus was the first torpedo shaped AUV and also won SAUC-E in 2010 [96].
• Girona 500 [97] was designed as a very felxible AUV with mapping and intervention
capabilities. The vehicle is currently operational and has been used during this
thesis. Recently, it was licensed to Iqua Robotics S.L. being now available as a
commercial platform [98].
• Sparus II [99, 100] is an evolution of Sparus. It won the Eurathlon competition in
2014 and 2015 [101] as well as the European Robotics League (ERL) Emergency
Robots in 2017 [102]. It is currently operational and it has also been licensed to
Iqua Robogics S.L.which made it commercially available [98].
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However, the research done at CIRS is not only focused in the development of AUVs.
Instead, it is mainly focused in providing the developed vehicles with new capabilities.
These includes path planning [103, 104, 105, 106], autonomous intervention [107, 108,
109, 110] and SLAM using acoustic [62, 66, 67, 68, 111]. Moreover, the research also
includes computer vision applied in the underwater domain and covers fields such as
3D reconstruction [57], underwater panoramic imaging [112, 113], image dehazing [114]
multi-vehicle mapping [52] and fish detection [115]. The joint work between CIRS and
Underwater Vision Lab (UVL) resulted in applications such as dam inspection [29], AUV
mapping of archeological sites [12] and AUV mapping and intervention in a harbour [116].

1.3.1

Participation in Research Projects

This thesis has contributed to the following projects in which CIRS has participated:
• EU H2020 Project STRONGMAR: STRengthening MARritime technology Research
Center (ref. H2020-TWINN-2015 (CSA)-692427), funded by the European Commission.
• MINECO Project ARCHROV (part of MERBOTS): marine ARChaeology through
HROV/AUV cooperation (ref. DPI2014-57746-C3-3-R), funded by the Spanish Ministry of Science and Innovation.
• MINECO Project COMAROB (part of TRITON): Robótica cooperativa Marina
para el mapeo acústico y la intervención (ref. DPI2011-27977-C03-02), funded by
the Spanish Ministry of Science and Innovation.
• EU FP7 Project MORPH: Marine robotic system of self-organizing, logically linked
physical nodes (ref. FP7-ICT-2011-7-288704), funded by the European Commission.
• EU FP7 Project TRIDENT: Marine Robots and Dexterous Manipulation for Enabling Autonomous Underwater Multipurpose Intervention Missions (ref. ICT-248497),
funded by the European Commission.
Finally, this thesis has also benefited from two research stay. The first stay was done at
the University of Rhode Island (U.S.) under the supervision of Dr. Chris Roman, assistant
professor at the Department of Oceanography. Dr Roman’s research focus on system and
method development for acoustic and photographic seafloor mapping [69, 117, 118]. The
second stay was at the Ocean Systems Laboratory (OSL) of Heriot-Watt University (UK).
OSL is a science and engineering research centre focusing in autonomous systems and
underwater acoustic sensors theory and processing [119, 120, 121].

1.4

Document Structure

From the point of view of the sensor used to perceive the environment, this thesis has
two distinguished parts. The first part focuses on the use of a multibeam echosounder
to perform underwater 3D SLAM and is presented in Chapter 2. The second one uses
a newly developed underwater laser scanner being presented in Chapters 3 to 6. As the
multibeam, the laser scanner is also a range sensor providing point clouds. Nevertheless, it
increases significantly the accuracy of the 3D measurements, the frame rate as well as the
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density of the point clouds. Then, the refraction of light is studied to propose a model as
well as a calibration procedure for the laser scanner. Finally, we use the developed scanner
in two different contexts. First, we present a method for 3D SLAM with application to
mapping and inspection. Next, the scanner is used for subsea manipulation. This thesis
is structured as follows:
• Chapter 2: Multibeam 3D Underwater SLAM with Probabilistic Registration presents an underwater pose-based EKF SLAM using a multibeam echosounder
to produce consistent 3D maps of underwater environments.
• Chapter 3: Underwater 3D Laser Scanners: The Deformation of the
Plane studies the feasibility of using an elliptical cone surface to represent a laser
line that has been distorted when passing through a flat viewport before going into
the water.
• Chapter 4: Underwater Laser Scanner: Ray-based Model and Calibration presents a new underwater laser scanner sensor and its ray-based model and
calibration.
• Chapter 5: Inspection of an Underwater Structure using Point Cloud
SLAM with an AUV and a Laser Scanner presents a pose-based EKF SLAM
that uses the point cloud data from the underwater laser scanner developed in the
context of this thesis.
• Chapter 6: 3D Laser Scanner for Underwater Manipulation presents two
real applications to manipulation of the underwater laser scanner developed in the
context of this thesis.
• Chapter 7: Results and Discussion summarizes the results obtained in this
thesis as well as provides an overall discussion of the presented work.
• Chapter 8: Conclusions and Future Work summarizes the conclusions based
on the contributions of this thesis and proposes futures work in the thesis fields.
• Appendix A: Line-Cone Intersection presents the mathematical manipulations
to solve the system of equations in Eq. (14) from Chapter 4.

2
Multibeam 3D Underwater
SLAM with Probabilistic
Registration

n this chapter, we propose a full 3D underwater SLAM using a multibeam echosounder mounted
Ioverlapping
on an AUV. The method divides the mission of the vehicle into submaps and registers them when
conditions are met. The algorithm stores each submap pose in an pose-based EKF
SLAM and uses the result of the registration process as an update between them. The algorithm is
tested using two different set ups, one with the normal down-looking multibeam configuration and
one with the multibeam mounted on a pan and tilt actuator. The proposed work is described in
detail and published in the following journal paper with extended results available in Section 7.1:

Title: Multibeam 3D Underwater SLAM with Probabilistic Registration
Authors: Albert Palomer, Pere Ridao, and David Ribas
Journal: Sensors
Volume: 16, Number: 4, Published: 2016
doi: 10.3390/s16040560
Quality index: JCR2016 Instruments & Instrumentation, Impact Factor: 2.677, Q1
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Abstract: This paper describes a pose-based underwater 3D Simultaneous Localization and
Mapping (SLAM) using a multibeam echosounder to produce high consistency underwater maps.
The proposed algorithm compounds swath profiles of the seafloor with dead reckoning localization
to build surface patches (i.e., point clouds). An Iterative Closest Point (ICP) with a probabilistic
implementation is then used to register the point clouds, taking into account their uncertainties.
The registration process is divided in two steps: (1) point-to-point association for coarse registration
and (2) point-to-plane association for fine registration. The point clouds of the surfaces to be registered
are sub-sampled in order to decrease both the computation time and also the potential of falling
into local minima during the registration. In addition, a heuristic is used to decrease the complexity
of the association step of the ICP from O(n2 ) to O(n). The performance of the SLAM framework
is tested using two real world datasets: First, a 2.5D bathymetric dataset obtained with the usual
down-looking multibeam sonar configuration, and second, a full 3D underwater dataset acquired
with a multibeam sonar mounted on a pan and tilt unit.
Keywords: AUV; multibeam; SLAM; 3D; bathymetry

1. Introduction
For Autonomous Underwater Vehicles (AUVs), addressing the navigation and mapping problems
is crucial to achieve a fully operational status. Dead reckoning navigation systems suffer from
an unbounded drift error, regardless of using high-end Internal Navigation Systems (INS) [1]. To avoid
this, such systems are commonly aided with absolute positioning fixes. Using the measurements from
a Global Positioning System (GPS) receiver is a typical solution during operations taking place on the
surface. When the vehicle is submerged, Long Base Line (LBL) systems [2] can be used for the same
purpose, although complex calibration of the acoustic beacon network is required prior to its operation.
Using single beacon/transponder methods may reduce the calibration burden [3,4] or even eliminate
it, at the cost of a reduced accuracy, when inverted LBL [5] or Ultra Short Base Line (USBL) [6] systems
are used instead.
All those methods share the limitation of confining the robot operation to the area of coverage of
the system. Terrain-based navigation (TBN) methods [7] can mitigate this limitation when an a priori
Digital Terrain Map (DTM) is available on the target area. However, for an underwater vehicle to
become truly autonomous, it should be able to localize itself using only on-board sensors and without
the help of any external infrastructure. The Simultaneous Localization And Mapping (SLAM) concept
aims to achieve that. Although more than 20 years of research have provided different approaches
to solve the SLAM problem, mostly in land mobile robotics [8], there are still few solutions for
underwater use, mainly due to the sensing limitations imposed by the medium and the complexity of
the environment.
Sensors 2016, 16, 560; doi:10.3390/s16040560
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Underwater SLAM can be divided in two main categories: sonar and vision based SLAM.
Although vision sensors may suffer from poor visibility in turbid waters, they provide fast refresh
rates and high-resolution data at a fraction of the cost of a sonar sensor. Several noteworthy examples
of underwater visual SLAM have been presented during recent years [9–12]. On the other hand,
sonar sensors can work in bad visibility conditions, penetrating further (10–150 m) because of the low
attenuation of sound in water. However, the refresh rate and resolution are medium to low and are
generally expensive. Although the number of underwater SLAM examples using sonar is still reduced,
they are promising.
Regarding imaging sonar mosaicking, [13] presented a feature-based registration method for
two-dimensional forward-looking sonar images, while [14] developed a Fourier-based registration
method to build large-scale mosaics. Moreover, several feature-based methods have been reported
using: (1) point features extracted from mechanically/electronically scanned imaging sonars [15–17]
or using a synthetic aperture imaging sonar [18]; and (2) line features extracted from a Mechanical
Scanning Imaging Sonar (MSIS) in a man-made environment [19]. However, it is extremely difficult
to extract features robustly in a natural underwater environment. Therefore, some researchers
have focused on using featureless methods such as scan matching or occupancy grids. The work
presented in [20] proposed a SLAM algorithm using a Particle Filter (PF) and range measurements
from multiple pencil-beam sonars to generate an occupancy grid of a sinkhole. The method was time
and computationally efficient because of the use of an octree structure to represent the environment.
Although bathymetric (elevation 2.5D) maps are commonly used in the context of TBN, there have
been few studies reporting successful SLAM implementations using bathymetric maps generated with
data from a multibeam profiler. The pioneering work in [21] used cross correlation and Iterative Closest
Point (ICP) for coarse and fine registration of bathymetric surfaces. More recently, [22] presented the
bathymetric distributed particle SLAM (BPSLAM), an algorithm based on the distributed particle
SLAM (DPSLAM) [23], which used a PF similar to the one proposed in [20] but representing the
environment as a bathymetric map distributed across the ancestry of a given particle. It is worth
mentioning that those methods were specifically designed for 2.5D elevation data, and, therefore, they
are not suited for full 3D underwater environments.
This paper presents the extension to 3D of the work previously presented in [24]. The registration
algorithm is a 3D-capable evolution of the 2D MSIS probabilistic Iterative Correspondence (MSISpIC)
algorithm [25], which has been already applied to 2D SLAM in underwater man-made [26,27] and
natural [28] environments. Our method is similar to the previous work of [21] but takes advantage
of recent results obtained using the probabilistic ICP algorithms mentioned above, which are better
suited to dealing with the uncertainty inherent in sonar data. Moreover, our method is not restricted
to using solely 2.5D bathymetric data, and, hence, new results obtained with full 3D data are also
reported here.
The 3D underwater SLAM framework presented here corrects the robot trajectory in order
to produce high consistency underwater maps. The algorithm, like other state of the art SLAM
techniques [21], divides the mission into a set of submaps, or surface patches, created by combining
multibeam data and an estimate of the navigation until certain criteria are fulfilled. Every time
a submap is created, possible overlaps with other existing patches are checked to look for loop closures.
If any are found, the registration process takes place between the patches in order to refine the robot
navigation. One of the novelties of the proposed method is the implementation of a two-step
Probabilistic ICP (pICP) with point-to-point and point-to-plane for rough and fine registration,
respectively. The improved registration method also incorporates a point cloud subsampling strategy
to decrease the number of involved points as well as a novel method to decrease the complexity in the
association step of the pICP from O(n2 ) to O(n).
The rest of the paper is organized as follows. First, Section 2 focuses on the submap creation.
In Section 3, the registration algorithm is explained, followed by the SLAM algorithm in Section 4.
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Section 5 presents the experiments and results, and, finally, Section 6 presents the conclusions and
future work.
2. Submap Creation
For bathymetric mapping, multibeam sonars are generally fixed to the vehicle so that the 2D
swath profiles are generated perpendicular to the surge direction. In that way, 2.5D surfaces are built
by composing the multibeam data with the displacement of the vehicle. Alternatively, more complex
environments can be inspected by sweeping a multibeam sonar mounted on a pan and tilt unit, so it
is the rotation of the sonar head, and not solely the vehicle motion, that leads to the coverage of the
surfaces. The point clouds resulting from the collection of multibeam data (Figure 1), along with other
information such as boundaries or position with respect to the world, are what we refer to in this work
as patches or submaps. This section describes the process of building these submaps during a mission.

(a) Fixed multibeam

(b) Sweeping multibeam
Figure 1. Two different submaps colored according to depth. In (a), the multibeam was mounted in
a fixed downward-looking configuration, typically from bathymetric mapping; In (b), the sonar head
was mounted on a pan and tilt unit and swept vertically to cover a portion of steep terrain.

2.1. Dead Reckoning
To be able to construct the submaps, regardless of whether the sonar is being swept or mounted
on a fixed position, it is necessary to estimate the AUV position at the time each multibeam reading
was acquired. As will be later detailed in Section 2.2, our procedure uses the relative displacements
made by the vehicle between consecutive multibeam swaths to compound the point clouds. Moreover,
given the probabilistic nature of the proposed registration algorithm, it is also necessary to estimate
how the uncertainty evolves during these motions. To obtain this information, an Extended Kalman
Filter (EKF) is used.
The state vector of the filter (see Equations (1) and (2)) contains 12 elements representing the
current six Degrees of Freedom (DoF) vehicle position and velocity, as well as two more elements
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corresponding with the stored x and y position of the vehicle at the time when the last multibeam
reading was obtained (xmb , ymb ):
h
x̂k = x

y

z

φ

θ

u

ψ

v

w

p

q

r

xmb

ymb


T
Pxk = E [ xk − x̂k ] [ xk − x̂k ] T

iT
k

(1)
(2)

A constant velocity kinematic model is used for prediction of the vehicle states, while those
regarding the stored previous vehicle position are assumed static. In the correction stage, updates are
performed asynchronously with the measurements coming from an Attitude and Heading Reference
System (AHRS), a Doppler Velocity Log (DVL), and a pressure sensor. The filter iterates normally until
a new multibeam reading is received. When this occurs, one last prediction is made to get an updated
estimation of the vehicle’s position before calculating ok = N (ôk , Pok ), a new vector containing the
displacement executed by the vehicle in the horizontal plane during the period of time between the
current and the previous multibeam readings, as well as the z position and orientation of the vehicle at
the current time:
h
i
T

ôk = x − xmb ,

Pok

(3)

y − ymb , z, φ, θ, ψ
k
"
#
I2×2 02×4 02×6 − I2×2
T
= Jo Pxk Jo ; Jo =
04×2 I4×4 04×6 04×2

(4)

Note that the two first elements of ok correspond to incremental values, while the other four
are absolute with respect to the base reference frame used for the dead reckoning. The calculation
of those increments is motivated by the cumulative drift that affects the motion in the horizontal
plane. Since those states are only estimated indirectly by the velocity measurements from the DVL, the
uncertainty in the xy position grows without bound. As will be introduced in the following section,
working with those increments allows for a better distribution of the uncertainties within the point
cloud. On the other hand, the remaining states in ok are observed directly by other sensors (the z
position is observed by the pressure sensor, and the orientation by the AHRS), and therefore their
uncertainties are bounded.
Once ok has been calculated, it is stored until the current submap is finalized. To continue with
the execution of the dead reckoning filter, and to keep track of the displacements from the current
position to that of the next multibeam measurement, it is necessary to replace the last two elements of
the state vector (xmb , ymb ) with the current position of the vehicle x and y:
h
x̂∗k = x

y

z
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k

φ

θ
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k

(5)
(6)

Given that, the execution of the filter can continue by replicating the procedure we have
just described.
2.2. Submap Forming
During the execution of the mission, the information required for the generation of the patches is
stored in a temporal data structure Stemp :
n
Stemp = O

M

R

o

(7)

where O = {o1 , ..., on |oi = N (ôi , Poi )} is the set of displacements and positions as computed in
Equations (3) and (4), while M = {m1 , ..., mn }, with mi = {δ1 , ..., δm |δi = N (δ̂i , Pδi )}, is the set of
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all the multibeam swaths m, each one containing the corresponding polar range measurements δ.
Finally, R = {r1 , ..., rn |ri = N (r̂i , Pri )} is the set of transformations required to represent the multibeam
data with respect to the vehicle frame. This is particularly relevant in the case of a multibeam sonar
mounted on a pan and tilt unit, since the transformations will change continuously because of the
sweeping motion.
When the amount of accumulated data is deemed sufficient (see the conditions below), the current
patch is closed and the contents of Stemp are used to generate the point cloud and other information
that will be necessary later during the registration process. In addition, the position of the recently
terminated patch is stored in the state vector of the pose-based EKF in charge of the SLAM process
(see Section 4). Before beginning a new patch, the Stemp is reset to store a new batch of data.
The criteria to close a patch depend on which scenario we are dealing with. If the sonar is scanning
a tri-dimensionally rich environment by means of a pan and tilt unit, each complete sweep is taken as
an independent submap because, unless a very fast vehicle is used, successive scans will re-visit the
same area, which only contributes to increasing the number of points without incorporating significant
new information. On the other hand, the situation with typical bathymetric survey missions where the
multibeam is fixed on the vehicle is substantially different. Scanned areas are generally not re-visited
(not in the same transect), and the seabed is often scarce in features, which may make the successful
matching of surface patches difficult. In this case, a combination of three criteria is used to determine
when to close a patch:
•
•
•

Minimum size: A minimum size is defined to avoid handling a large number of tiny patches
augmenting unnecessarily the length of the SLAM state vector and reducing the overlapping.
Maximum size: The maximum size is bounded to avoid handling huge patches with a high
uncertainty in the surface points due to the accumulated dead reckoning error.
Normal occupancy: The surface relief is analyzed to determine when the patch is rich enough
to be successfully matched. The procedure basically consists in finding surface normals for each
point on the cloud and representing their parametrization on a histogram. If the histogram is
sufficiently occupied, the submap is closed.

Once sufficient data has been acquired and the submap is closed, all the stored data is processed
to generate the point cloud and the information required for the potential registration with other
submaps. In [21], the reference frame for each submap was defined as the position of the robot when
the patch was started. Here, the point cloud is generated with respect to a new reference frame I,
which is placed on top of the central position of the trajectory executed during the creation of the patch,
but oriented like the base frame B used for the dead reckoning navigation. By placing this frame in the
center of the submap, the uncertainty of the points grows from the center of the patch to the edges
(see Figure 2b) instead of growing from the beginning to the end (see Figure 2a). This gives a more
convenient distribution of the uncertainty in the point cloud which improves the registration [29].
The process of generating the point cloud begins by selecting the central position that will be
associated to I, and that will be referenced hereafter with the mp subindex. Then, the qk vector relating
a given k position in which a multibeam reading was acquired, and the I reference frame can be
computed from the corresponding ok and omp (both pertaining to O and stored in Stemp ) as:
 h
iT


xqk−1 + xok , yqk−1 + yok , zok − zomp , φok , θok , ψok



h
iT
q̂k =
0, 0, 0, φok , θok , ψok


h
iT


 xq − xo , yq − yo , zo − zo , φo , θo , ψo
mp
k +1
k +1
k +1
k +1
k
k
k
k

k > mp
k = mp

(8)

k < mp

where x a should be read here as the element x contained in the vector a. Note that for computing qk ,
the vectors qk−1 (if k > mp) or qk+1 (if k < mp) also need to be known. This means that the calculation
needs to be done sequentially starting by the mp position and then moving towards both ends of the
submap (1 and n). The uncertainty of qk is then computed as:
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Pqk





J1 Pqk−1 J1T + J2 Pok J2T + J3 Pomp J3T
=
J4 Pok J4T

J P
T
T
T
T
1 qk+1 J1 + J5 Pok+1 J5 + J3 Pomp J3 + J4 Pok J4

k > mp
k = mp
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(9)

being Jj the Jacobians of the function:
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03×3 03×3
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− J1

(11)
(12)

(13)
(14)

It is worth noting that qk is composed of both relative (first three elements representing
a displacement) and absolute (last three elements being the orientation) measurements. Assuming that
correlations in attitude estimates are negligible, computing the relative increment of the orientation
would end up adding uncertainty in these 3 DoF artificially. This would apply also to the z
displacement. However, we observed that if the same approach is taken in this DoF, the lever-arm
effect in the registration process (the depth is referenced to the water surface) makes it much more
prone to error. Therefore, we decided to reference the z position to the actual depth of the AUV
regardless of the increment of uncertainty in order to make the registration process more stable.
With all the qk computed, the point cloud can now be generated. The first step is to transform all
the polar range measurements δi = N (δ̂i , Pδi ) which are represented in the sensor frame to that of the
vehicle using the rk transformations stored in R:
p̂i× = r̂k ⊕ g(δ̂i )

(15)

Pp× = J1⊕ Prk J1T⊕ + J2⊕ ( Jg Pδ JgT ) J2T⊕

(16)

i

where g(.) is the polar to Cartesian conversion function, Jg is its corresponding Jacobian and ⊕ is the
compounding operator with Jacobians J1⊕ and J2⊕ as defined in [30]. With the point pi× referenced to
the vehicle frame and qk being the vehicle position referenced to I, we can calculate the position of
a point pi as:
p̂i = q̂k ⊕ p̂i×
(17)
Ppi = J1⊕ Pqk J1T⊕ + J2⊕ Pp× J2T⊕
i

(18)

After all these calculations, the information regarding the patch is saved in a new structure S as:
h
S= x

O

W

B

i

(19)

where x = N ( x̂, Px ) is the position of the frame I that will be used to anchor the submap in the state
vector of the pose-based SLAM framework described in Section 4; O is the same set of transformations
as in Stemp ; W = { p1 , ..., pn | pi = N ( p̂i , Ppi )} is the set of points referenced to I that have been
calculated and, finally, B is a volume containing all the points that pertain to the patch. On the
horizontal plane, B is the polygon containing all the p̂i points, while, on the z direction, the boundary
is defined by the minimum and maximum depth of all the points p̂i (see Figure 2).
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(a) Dead Reckoning

(b) Scan Forming
Figure 2. Example of the dead reckoning (a) and the scan forming (b).

3. Registration Algorithm
This section explains the procedure to register two submaps using probabilistic ICP. The inputs
of the algorithm are a reference submap Sre f , which has been already stored in the SLAM framework;
a newly generated submap Snew , and an initial guess of their relative displacement q0 = N (qˆ0 , Pq0 )
obtained from the navigation. The algorithm uses a two-stage correction procedure. First,
a point-to-point correction is performed to roughly align the two submaps (until their relative
displacement in two consecutive iterations falls below a threshold), and then, a point-to-plane
correction is executed to refine the result. Point-to-point association tends to produce undesired
effects in the presence of small misalignments (see for instance the lateral displacement depicted in
Figure 3a). This is because associated points do not necessarily correspond to the exact same spot in
the original surface and therefore their arbitrary occurrence may prevail over the general shape of the
surface. However, point-to-point association is powerful when large displacements are present (see
Figure 3b). On the other hand, point-to-plane associations tend to be driven by the shape of the surface
and hence, perform better in the presence of small misalignments (see Figure 3a), but may fail when
dealing with large displacements (see Figure 3b). To complement their strengths and weaknesses,
we combine both methods by using an error threshold which determines when to switch from one
strategy to the other.
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(a) Small displacement

(b) Large displacement
Figure 3. Point-to-point and point-to-plane comparison in the presence of small displacement (a) and
large displacement (b). In blue, the points of the reference scan with the plane, in red, the points
of the new scan. Green arrows correspond to point-to-point association while black ones represent
point-to-plane.

3.1. Point-to-Point Association
Given a certain point ni = N (n̂i , Pni ) from the new patch Snew , and a matching candidate
r j = N (r̂ j , Pr j ) from the reference surface Sre f , both represented in Cartesian coordinates and referenced
to their respective frames (Inew and Ire f ), the association error eij = N (êij , Peij ) can be defined as:
êij = rˆj − qˆ0 ⊕ n̂i

(20)

Pij = Pr j + J1⊕ Pq0 J1T⊕ + J2⊕ Pni J2T⊕

(21)

so the point-to-point association may be solved through a simple individual compatibility test over the
corresponding Mahalanobis distance:
d2 = êijT Pij−1 êij < χ2d,α

(22)

All the points individually compatible with ni form the set Ai . From this set, the one with smaller
Mahalanobis distance is chosen to be associated with ni .
3.2. Point-to-Plane Association
At the second stage, the metric changes and the point-to-plane distance is used instead. Now, the
set of compatible points Ai is used to estimate a local plane Π(νi , di ) whose equations are given
by νiT x − di = 0, being di the plane distance to the origin and νi its normal vector. Because of the
probabilistic nature of our algorithm, we are interested not only in the plane parameters but also in
their uncertainty. An iterative method is reported in [31] for this purpose, being too computationally
expensive for our case. In [32], the authors use a two-step minimization method for estimating: (1) the
plane using region growing algorithms and (2) its uncertainty. Finally, in [33], the error of a set of
samples is minimized using the uncertainty related to the range of the sensor by means of a weighted
Principal Component Analysis (PCA). This last method is the one which best fits our requirements
because of its reduced computational complexity, and also because of its nature, since it does not
search for the points forming the plane, but fits the plane among the given points.
Given a plane Π(ν, d), whose equation is ν T x = d, the likelihood of observing a plane point
r j ∈ Ai is given by:
p(r j |ν, d) = √

1
2π |Pr j |



exp (ν T r j − d) ∗ ν) T Pr−j 1 ((νr j − d) ∗ ν

(23)

The objective here is to maximize the sum of the log-likelihood of the previous equation.
The problem cannot be solved in a simple way since the error of the uncertainty depends twice
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on the normal ν. To solve the problem
  in an efficient way, it was necessary to approximate the
uncertainty by the trace of Pr j : Tr Pr j . In this way, the error ellipsoid is approximated to a sphere,
and it is possible to solve the equation analytically and as efficiently as in [33] (please refer to this work
for a more extended derivation).
The log-likelihood that we want to maximize, ignoring constants, is the approximate least
squares problem:
1 N ( ν T r j − d )2
(24)
` = argmax − ∑
 2
2 i =1
ν,d
Tr Pr j

with Lagrangian

L=−
Setting

∂L
∂d

1 N ( ν T r j − d )2
T
 2 − λ ( ν ν − 1)
2 i∑
=1 Tr Pr
j

(25)

= 0, we find the solution

d? =

ν?T pµ ,

with

N

∑ Tr

pµ =

i =1



Pr j

 −2

rj

!

N

∑ Tr

i =1



Pr j

 −2

! −1

(26)

pµ being the weighted center of the set of points Ai . Finally,



T
(
r
−
p
)(
r
−
p
)
µ
µ
j
j


ν? = argmin ν T  ∑
ν
 2
ν
i =1
Tr Pr j
N

(27)

The minimizing normal ν? is defined by the eigenvalues of the covariance matrix of the points as
in the common weighted PCA method. The uncertainty of the estimator is found as:
Pf = − H

+

=

Pν
Pd Pν

Pν Pd
Pd ,

!

(28)

where H is the Hessian of the Lagrangian in the optimal plane.
Given the point ni and the plane Πi (νi , di ) estimated from all the compatible points in Ai , the
point ai is defined as the orthogonal projection of ni over the plane Πi (νi , di ):
âi = q̂0 ⊕ n̂i − ((q̂0 ⊕ n̂i ) T ν̂i − dˆi )ν̂i
Pai =

∂ai
∂a T ∂a
∂a T ∂a
∂a T ∂a
∂a T
Pq0 i + i Pni i + i Pνi i + i Pdi i
∂q0
∂q0
∂ni
∂ni
∂νi
∂νi
∂di
∂di

(29)
(30)

This new virtual point ai is actually the point that will be associated with ni to execute the new
registration phase using the same point-to-point equations we already presented in Equations (20)
and (21), but using ai instead of r j .
3.3. Minimization
At the end of each association stage, a minimization process is executed to estimate the robot
displacement qmin that minimizes the addition of the Mahalanobis distance of the association error:
qmin = argmin ∑{ξPξ−1 ξ }
q

(31)
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ξ being a vector composed of all the êij error vectors (see Equation (20)) after associating all the points
(either virtual or real) and Pξ the block diagonal matrix with their corresponding covariances Peij
(Equation (21)). This minimization is done using weighted least squares:
qmin = [ J T Pξ−1 J ]−1 J T Pξ−1 ξ

(32)

J being the Jacobian matrix of the error function at the previous estimation evaluated in all the points.
3.4. Submap Simplification
Traditional ICP-based methods may encounter some problems in a scenario like the one depicted
in Figure 4a, where two almost flat surfaces share a poorly visible feature. For instance, ICP tends
to associate each point with its closest neighbour according to a particular metric. Because of that, it
may be difficult to correctly associate the feature areas when the displacement is large (i.e., they are
far from each other, and the proximity of flat areas may lead to a local minimum). This particular
issue will benefit from the proposed probabilistic ICP approach, since the uncertainty of the points
should constrain the possible matching candidates to those compatible with the real accumulated
error. For instance, uncertainties may be large in the horizontal plane, making it possible to match
two distant features, but small in the z direction, so points in the flat areas will not be compatible with
those in the features.

(a)

(b)

Figure 4. A 3D visual concept of the idea behind octree use: two surfaces to be matched (a); the same
surfaces resampled (b).

Another inconvenience related to traditional ICP-based methods is the weak contribution of
flat areas to the registration (they all look alike and their matching possibilities are high). Moreover,
when few features are present in scenarios of large flat areas, the planar areas may prevail and lead
to poor matching. ICP algorithms have better results when the associated points are significant (i.e.,
distinguishable from each other). For that reason, a new sampling procedure to reduce the number
of points in the cloud by removing the less informative ones is presented (see Figure 4b). Since the
surface distribution is not available, the sampling procedure is performed using the discrete points.
This resampling improves the odds of successful matchings, even when large displacements are
present, as well as decreasing the computation time in the registration by drastically decreasing the
number of points to be associated, thus increasing the performance of the algorithm.
The approach proposed here uses an octree structure to sample the scan in its most significant
areas (i.e., areas with rich relief). The subsampling algorithm works as follows: the point cloud is
contained in a discretized tridimensional space structured as an octree. Using the points contained in
each cell of the octree, a relief-based subsampling criteria is evaluated recursively, and if the condition
is fulfilled, the cell is divided into eight subcells. After the subdivision process comes to an end, only
one point is taken from each cell of the octree (see Figure 5). This makes areas with bigger (i.e., not
significant) cells contribute with fewer points than areas with smaller (i.e., significant) cells. In [34],
several different criteria were studied to drive the octree subdivision. Although some criteria were
more suitable for specific types of environments, in this work, the difference from principal plane method
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has been selected given its overall performance in both 2.5D and 3D. This criteria basically dictates that
a cell should be divided if the average distance between the points in the cell, and the best fitting plane
of the cloud is higher than a given threshold. For a more detailed description, please refer to [34].

(a)

(b)
Figure 5. The contribution of octree in point resampling: octree construction, top view (a); points after
resampling (b).

3.5. Association in Linear Time
The association step in ICP based methods has an O(n2 ) computational cost because it is necessary
to compare each reference point r j in Sre f against all the ni points in Snew to compute their distances.
Moreover, the probabilistic implementation of the ICP method requires several matrix operations,
including an inversion, to calculate the uncertainty of the association of the points from the two point
clouds. Hereafter, a new method for reducing complexity taking advantage of the uncertainty estimates
of the points, which are already available, is proposed.
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A probabilistic point p with uncertainty P can be represented graphically as an ellipsoid defined
by a χ2 distribution at a certain confidence level α and for d degrees of freedom (DoF):
n

( x|( x − p)T P−1 ( x − p) = χ2d,α

o

(33)

Given that, in our approach, a 3D grid is generated covering the two patches to be matched,
and for each point in Sre f , the cells falling inside its uncertainty ellipse are marked (see Figure 6a).
During the association process, the same procedure is followed for each point in Snew .

(a) Before Matching

(b) During Association
Figure 6. The figure shows how the support grid is used during the association step. First, the points
in the reference scan (blue) are inserted into the cells using their uncertainty ellipses (a). Then, each
point in the new scan (red) is also laid inside the grid (b). In this case, n1 overlaps with r2 and r3 while
n2 overlaps only with r3 . Moreover, r1 has no potential associations.
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At this point, the following heuristic is applied: To check the compatibility of two points ni and r j ,
we define their ellipsoids given a certain confidence level α. If the ellipsoids do not intersect with each
other, the corresponding points are assumed not to be individually compatible. In other words, if:
n

o
( x|( x − ni )T Pn−i 1 ( x − ni ) = χ2d,α ∩
n
o
( x|( x − r j )T Pr−j 1 ( x − r j ) = χ2d,α = ∅

then,

(ni − r j )(Pni + Pr j )−1 (ni − r j )T > χ2d,α

(34)

(35)

Note that evaluating the compatibility in this way is still computationally expensive. However, in
our method, the space occupied by the ellipses has been previously registered inside a grid, so it is
possible to rapidly find the intersecting ellipsoids using a direct grid look-up (see Figure 6b). In other
words, association candidates for a given point in the new scan can be easily identified by searching
only among the cells occupied by its own ellipse, for tags denoting occupancy of those same cells by
ellipses corresponding to points in the reference scan. In that way, candidates are directly determined,
without a need to evaluate all the remaining points in the reference scan, and thus, the complexity is
reduced to O(n).
4. SLAM Algorithm
This section describes the EKF implementation of the pose-based SLAM framework in charge of
optimizing the surface map.
Every time a submap is finished, the estimate of the robot pose at the reference point of each
surface patch xS is incorporated to the state vector x so it contains all the information regarding the
submap distribution:

T
x̂k = x̂Sn . . . x̂S1 k
(36)

with a pose state xS being:

xS = [ x y z φ θ ψ ] T

(37)

where (x,y,z) is the position of the robot and (φ, θ, ψ) are the roll, pitch and yaw angles. The poses
are referred to the same common frame B that was used during the dead reckoning. The covariance
matrix for this state is defined as:


Pk = E [ xk − x̂k ][ xk − x̂k ] T
(38)
4.1. Prediction and State Augmentation

The submap poses stored in the state vector are assumed to be static during the execution of the
mission. Therefore, the prediction stage of the EKF just maintains the estimated values for the state
vector and its covariance. However, every time a new patch is completed, and its pose is introduced
in the state vector. This is done during the prediction stage. To be able to fit the requirements of this
algorithm (such as the location of the frame I), a new procedure has been developed for the prediction
and state augmentation. The procedure explained hereafter uses the previously computed ok to find
the relationship between the patch Sn and Sn+1 by adding all the incremental displacements in the xy
plane and copying the position of the other 4 DoF at the position chosen as frame I in patch Sn+1 .
Let Sn+1 be the new patch to be added to the state vector and Sn the last one already added. Then,
we need to estimate the transformation n qn+1 = N (n q̂n+1 , Pn qn+1 ) relating Sn and Sn+1 . The process
begins by defining two functions that will be applied to the set of stored ok relationships between the
two patches:
h
i h
i
f 1 (ô) = f 1

x,

y,

z,

φ,

θ,

ψ

= x, y, 0, 0 0, 0

(39)
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h

f 2 (ô) = f 2
with Jacobians:

x,

y,

z,

"

φ,

θ,

ψ

#
02×4
,
04×4

I
F1 = 2×2
04×2

i

h
i
= 0, 0, z, φ, θ, ψ
"

0
F2 = 2×2
04×2

02×4
I4×4

#

(40)

(41)

Then, taking the stored O = {o1 , ..., om } ∈ Sn , the parameter q1 = N (qˆ1 , Pq1 ) representing the
distance from the central position of the Sn patch (defined with the subindex mp) and its last position
can be calculated as:
q̂1 =

m

∑

k=mp+1

f 1 (ôk ),

Pq1 =

m

∑

k=mp+1

F1 Pok F1T

(42)

Next, using the stored O ∈ Sn+1 , the parameter q2 = N (qˆ2 , Pq2 ) representing the distance from
the beginning of Sn+1 to its center plus the final orientation of the patch can be obtained as:
mp

q̂2 = f 2 (ômp ) +

∑

k =1

Pq2 = F2 Pomp F2T +

f 1 (ôk ),

mp

∑ F1 Pok F1T

(43)

k =1

Finally, the complete transformation n qn+1 relating the centers of both patches is calculated as:
n

q̂n+1 = q̂1 + q̂2 ,

(44)

Pn q̂n+1 = Pq1 + Pq2

Knowing this n qn+1 transformation, the state of the filter can be augmented with the new position
of Sn+1 by doing:
h
iT
n q̂
x̂+
=
(45)
x̂
x̂
x̂
.
.
.
x̂
S
S
S
S
n
+
1
n
n
n −1
1
k
k

Px̂+ =
k

J1 Px̂k J1T

+

J2 Pn q̂n+1 J2T

(46)

Note that the operator is introduced here to define the way in which the global coordinates of
the Sn patch are combined with the relationship between consecutive patches Sn and Sn+1 to find the
position of the patch Sn+1 in the world frame. The operator is described as:

x xSn + xn q̂n+1
 y x + yn

q̂n+1 
 Sn


zn q̂n+1


=



φn q̂n+1




θn q̂n+1


x̂Sn

n

q̂n+1

(47)

ψn q̂n+1

with Jacobians:
J1

4.2. Matching Strategy



I2×2

= 04×2


02×(4+6(n−1))

04×(4+6(n−1))  ,
I6n×6n

J2

"

I6×6
=
06n×6

#

(48)

When a new patch is available, potential matches are searched among the previously created
patches. This is done by determining the intersection between the volumes B (see Equation (19)) of the
two potentially matching patches. In this way, two patches are considered to be intersecting if more
than a given % of their volumes is shared. The new patch may potentially intersect with several of the
patches that already exist, which may or may not be consecutive in time (see the ones overlapping
with patch number 13 in Figure 7). As can also be observed, consecutive patches (such as number 1
and 2, or 8 and 9) may have a small overlap with the new patch. For this reason, a new approach is
used that consists in joining consecutive patches to maximize the intersecting area. However, this
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is not recommended for contiguous non-consecutive patches since the drift between them might be
significant (e.g., patches number 1 and 6). The proposed approach involves three steps: (1) search
for patches intersecting with the new one; (2) search for consecutive patches among those previously
selected; and (3) join the patches that are found to be consecutive. The resulting patches are the result of
combining the points of the two surfaces and representing them in the frame I of the earliest created patch.

Figure 7. Patch number 13 overlaps with patches 1, 2, 6, 8, 9 and 10. For improving the matching
process, patches that are consecutive (1 and 2 as well as 8 and 9) are merged. This results in four patches
taking part in the matching process.

4.3. Scan Matching
In order to execute the probabilistic registration algorithm, given two overlapping scans Si and
Sn with related poses x̂Si and x̂Sn , an initial guess q0 = N (q̂0 , Pq0 ) of their relative displacement is
necessary. This can be easily extracted from the state vector using the tail-to-tail transformation:
q̂0 =

(49)

x̂Si ⊕ x̂Sn

where ⊕ and are the compounding and inverse compounding operators as defined in [30]. Since the
tail-to-tail transformation is actually a non-linear function of the state vector x̂k , the uncertainty of the
initial guess can be computed using:
Pq0 = HPxk H T
(50)
where H is the Jacobian computed as:
H = [ J2⊕6×6 06×6(n−i−1) J1⊕ J

6×6

06 × 6 ( i − 1 ) ]

(51)

where J1⊕ , J2⊕ and J are the Jacobians of the compounding and inverse compounding functions as
defined in [30]. Finally, 06×6(n−i−1) and 06×6(i−1) are zero matrices whose dimensions are determined
according to the position in the state vector of the surfaces to be registered.
Once the initial displacement guess is available, the registration algorithm presented in Section 3
can be used to produce an updated measurement of this displacement.
4.4. State Update
The initial guess in Equation (49) defines the relationship between two patch poses in the state
vector. This can be expressed by means of the following measurement model:
zk = h( xk , vk ) =

xSi ⊕ xSn + vk

(52)
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zk being the estimated displacement qmin and vk a zero-mean white Gaussian noise with covariance
Pqmin accounting for the errors in the registration process. Given that, the standard EKF equations can
be used to update the state vector.
5. Experiments and Results
The algorithm has been used to produce the maps for two different underwater datasets.
The first one is a bathymetric (2.5D) survey carried out by the Sirius AUV [35] on a site of geological
interest off the coast of Tasmania (Australia) which has been previously used for bathymetric
SLAM [22], while the second one is a full 3D dataset gathered in the Sant Feliu de Guíxols
Harbor (Spain) using the Girona 500 AUV [36] with the multibeam mounted on a pan and tilt unit.
The parameters and thresholds that were set for the execution of the algorithm in these experiments
can be found in Table 1. Unfortunately, none of the datasets used during the experimental testing have
ground truth of the terrain. Therefore, the only option to assess the performance of the algorithm is
evaluating the consistency of the resulting map.
Table 1. Thresholds used for the experiments.

Experiment
2.5D
3D
Minimum patch size (Section 2.2)
Maximum patch size (Section 2.2)
Normal occupancy (Section 2.2)
Patch overlapping (Section 4.2)
Point cloud subsampling (Section 3.4)
Relative displacement to switch from point-to-point
to point-to-plane association (Section 3)

30 m
80 m
23%
30%
0.5 m

30%
1.5 m

1 cm

1 cm

5.1. Bathymetric Survey
This dataset includes depth from a pressure sensor, bottom lock velocities from a DVL, attitude
measurements from an AHRS and bathymetric data from a multibeam echosounder installed in the
conventional down-looking configuration. The mission surveyed a rectangular area of geological
interest several times to generate multiple loop closures. The explored area, mainly flat, has a number
of pockmarks with depths of approximately three meters.
Figure 8 shows the elevation maps built using the dead reckoning navigation (Figure 8a) as well as
the one obtained with the proposed technique (Figure 8b). In these two maps, it is possible to observe
several differences in the pockmarks. While in the corrected solution (Figure 8b), the pockmarks
appear clearly and without much bathymetry-related artefacts on the dead reckoning map, and they
are blurred and with some artefacts.
To better assess the correction, the consistency-based error [37] is computed for each cell of the
bathymetric map. In Figure 9, it can be seen how the areas of high discrepancy (yellow to dark red)
on the dead reckoning error map (Figure 9a) are drastically reduced when the proposed technique is
applied (Figure 9b). Table 2 contains the numerical evaluation of the results over the bathymetric data.
There, it is possible to see that using the 2.5D statistics (Sum and Mean for the consistency-based error)
the improvement is around 19%. Moreover, an additional 3D statistic we have named #Cells has been
computed. This statistic consists in counting the number of cells that each map occupies within the
same 3D grid. If a map occupies less cells, it is probably because their point clouds are more densely
packed due to a better registration. Using this statistic, the improvement of the proposed approach
compared to the dead reckoning navigation is 2.17%.
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Table 2. Numerical results of the algorithm applied to the pockmarks dataset. The first column (Sum)
contains the sum of the error in all the cells, the second one (Mean) contains the mean of the error while
the 3rd one (#Cells) contains the number of cells occupied on a 3D grid of 0.5 m resolution.

Dead reckoning
SLAM
Improvement *

Sum

Mean

#Cells

70,986.2
57,521.8
18.97%

0.3988
0.3223
19.2%

37,3121
36,5014
2.17%

* The improvement is computed as

dr −slam
dr

where dr stands for dead reckoning.

(a) Dead Reckoning

(b) SLAM
Figure 8. Bathymetric maps of the area. The color goes from deep (dark blue) to shallow (dark red).
The bathymetry is gridded at 0.5 m. (a) Dead Reckoning; (b) SLAM.
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(a) Dead Reckoning

(b) SLAM
Figure 9. Consistency-based error maps. The error is color plotted from low (dark blue) to high
(dark red) with 0.5 m grid resolution. (a) Dead Reckoning; (b) SLAM.

5.2. 3D Experiments
The data was gathered during some field trials for the MORPH European project in 2015.
The experiment involved a formation of four marine vehicles (an Autonomous Surface Craft (ASC)
and 3 AUVs) exploring a submerged area of the St. Feliu harbor. The Girona 500 was leading the
formation while exploring with the multibeam sonar mounted on a pan and tilt unit (Figure 10)
both the seabed and the pier walls, so the formation could be adapted to the presence of obstacles.
The mission performed one and a half loops following a zero-shaped trajectory at one corner of the
harbor (Figure 11).
During the experiment, the Girona 500 (Figure 10) was equipped with a DVL, an AHRS, a pressure
sensor and a multibeam echosounder. An acoustic modem on Girona 500 was also used to gather
position measurements from a USBL mounted on the ASC navigating on the surface with help of
a GPS receiver. The multibeam mounted on the pan and tilt unit allowed us to get full 3D scans by
vertically steering the multibeam in front of the robot. Note that, in this experiment, the closure of the
surface patches is determined by the completion of a sweep of the pan and tilt, and not by the size or
richness of the covered area (see Table 1).
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Figure 10. The Girona 500 AUV in the water tank with the configuration used for the experiments.
The multibeam sonar and the pan and tilt unit can be seen at the lower-right side of the vehicle facing
in two different directions. In (a) the multibeam is tilted at a pitch of around 45o while in (b) it is in a
downward-looking position.

Figure 11. Trajectory of the experiment over the Google Maps image of the St. Feliu de Guíxols harbor.

As far as we know, there is no general method to evaluate the consistency of a 3D map. However, it
is possible to use the 3D statistic #Cells presented in the previous section. As previously commented, if
a map occupies fewer cells, it is probably because their point clouds are better registered. Nonetheless,
this has to be supervised since it is also possible to find other positions of the point clouds that can
minimize the number of occupied cells. For this reason, the consistency of the 3D experiments will
also be evaluated subjectively (visually assessing the consistency) as well as numerically (counting the
number of occupied cells).
The top view of the 3D maps produced after the experiments are presented in Figure 12. There,
three surfaces are created for different navigation methods: dead reckoning (Figure 12a), USBL-aided
(Figure 12b) and the currently proposed algorithm (Figure 12c). Regarding the number of occupied
cells, the proposed method occupies 32570 cells, 5.76% less than the dead reckoning model (34559)
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while the one aided by the USBL occupies 7.24% less cells (32057). Moreover, the black squares
represented in each one of the views highlight the places where it is easier to observe the consistency
of the map near to the harbor wall. This area is analyzed in detail in Figure 13. In the left column, the
one corresponding to the dead reckoning navigation (views Figure 13a,d,g), clearly shows two parallel
lines on the point clouds which correspond to the wall being observed during the first and second
laps of the mission. In the other two columns, the one corresponding to the USBL navigation (views
Figure 13b,e,h), and the one of the proposed SLAM algorithm (views Figure 13c,f,i) show a single wall,
and, thus, a better agreement between the different scans. However, if the point cloud from the USBL
navigation is analyzed in detail in the bottom left corner (see Figure 13h), there are still some residues
of the two observations of the wall that do not appear in the one from the proposed approach.

(a) Dead Reckoning (34559)

(b) USBL-aided navigation (32057)

(c) Proposed approach (32570)

Figure 12. Top view of the 3D reconstruction of St. Feliu Harbor using dead reckoning navigation (a),
USBL-aided navigation (b) and the proposed SLAM algorithm (c).The bottom part of the model is the
vertical wall of the pier. Under each view, written inside parentheses, the number of cells occupied
by each model’s point clouds can be observed. The meshes are reconstructed using [38] and colored
according to the depth (deeper parts are in blue, shallower ones in red).

Dead Reckoning

USBL

Proposed approach

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

Figure 13. Zoom in the highlighted area of Figure 12. First row (a-c) shows the point clouds and the
reconstructed meshes. Second (d–f) and third (g–i) rows show the mesh and point clouds respectively.
The columns, from left to right are related to the results obtained with: (1) dead reckoning (a, d and g);
(2) USBL-aided (b, e and h) and (3) proposed approach (c, f and i).
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6. Conclusions
This paper has presented a probabilistic underwater 3D SLAM for multibeam sonar data that
deals with the subdivision of the surface into patches, taking into account the motion uncertainty
during their formation. An adaptive sampling procedure for the sensor data has been introduced to
deal with areas of the patches that are not relevant (i.e., without relief) to avoid the pICP converging to
local minima as well as reducing the computational time. Furthermore, an heuristic has been used to
decrease the complexity of the association step of the pICP from O(n2 ) to O(n) taking advantage of
the probabilistic ellipsoid of each point and using a support grid.
The algorithm has been tested using two real world datasets. In both of them, it is possible to
observe how the consistency of the model obtained using the proposed algorithm is higher than that
obtained with dead reckoning and is even comparable to the one obtained using USBL navigation in
the case of the 3D dataset.
Future work will have to focus on correcting the internal patch error. In the method presented
here, only the relative positions of the patches are corrected, but the patch itself is not modified once
closed. Although the proposed method has been proved to be useful for obtaining consistent maps, it
is not possible to use it online due to its computational cost if the point sampling is not tuned properly.
Therefore, further investigation could be done in this field to allow the algorithm to work online.
Finally, in the future, we plan to test the algorithm using a camera-laser system, which produces data
of similar characteristics to that of a multibeam sonar (2D swath profiles) but with a much different
uncertainty level in the measurements.
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3
Underwater 3D Laser
Scanners: The Deformation
of the Plane

his chapter studies the refraction of light when passing through the viewport that seals a laser
T
line projector. Here we model the laser as a set of rays and follow each path of light through
the different reflections and refractions that they suffer. We observe that when the angle between

the flat viewport and the laser plane is not perpendicular the projection of the light is distorted
(i.e. not a line anymore). In this chapter we compare the state of the art light representation
(plane) with our proposed surface (elliptical cone). The experiments show that the elliptical cone
better represents the projected light. The proposed work is described in detail and published in
the following book chapter:

Title: Underwater 3D laser scanners: The deformation of the plane
Authors: Albert Palomer, Pere Ridao, David Ribas, and Josep Forest
Book: Sensing and Control for Autonomous Vehicles: Applications to Land, Water and Air
Vehicles
Volume: 474, Pages: 73–88, Published: 2017
doi: 10.1007/978-3-319-55372-6_4
Reprinted by permission from Rightslinkr: Springer Underwater 3D Laser Scanners: The
Deformation of the Plane by Albert Palomer, Pere Ridao, David Ribas and Josep Forest.
©Springer International Publishing AG 2017.
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Abstract
Development of underwater 3D perception is necessary for autonomous manipulation and mapping.
Using a mirror-galvanometer system to steer a laser plane and using triangulation, it is possible to
produce full 3D perception without the need of moving the sensor. If the sensor does not meet
certain hardware requirements, the laser plane is distorted when it passes through the different
media (air–viewport–water). However, the deformation of this plane has not been studied. In this
work a ray-tracing model is presented to study the deformation of the laser plane. To validate it, two
types of datasets have been used, one synthetically generated using the model presented below,
and another one using real data gathered underwater with an actual laser scanner. For both
datasets an elliptic cone is fitted on the data and compared to a plane fit (the surface commonly
used for triangulation). In the two experiments, the elliptic cone proved to be a better fit than the
plane.

Keywords
Incidence Angle
Laser Surface
Laser Plane
Underwater Environment
Elliptic Cone

4
Underwater Laser Scanner:
Ray-based Model and
Calibration

n this chapter we present a ray-based model and a calibration procedure for a newly developed
IChapter
underwater laser scanner. This work build on top of the previously presented work [7] (see
3) and uses its proposed elliptical cone to produce real-time high resolution point clouds.

The results present different analysis of scanned objects to asses the scanner error. Appendix A
presents the mathematical manipulations to solve the system of equations in Eq. (14). This work
has been submitted to the following journal and is currently under review:

Title: Underwater Laser Scanner: Ray-based Model and Calibration
Authors: Albert Palomer, Pere Ridao, Josep Forest, and David Ribas
Submitted to: IEEE/ASME Transactions on Mechatronics
Quality index: JCR2016 Automation & Control systems, Impact Factor: 4.357, Q1
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5
Inspection of an Underwater
Structure using Point Cloud
SLAM with an AUV and a
Laser Scanner

n this chapter we present a pose-based EKF SLAM using the underwater laser scanner developed
Igathered
in the context of this thesis. In this work we use state of the art techniques to register 3D scans
with the laser scanner and then update a pose-based EKF SLAM in a similar way as in
[1] (see Chapter 2). The laser scanner is mounted onto Girona 500 AUV and used to map in real
time an underwater pipe and valve structure while correcting the navigation drift of the robot.
This work has been submitted to the following journal and is currently under review:

Title: Inspection of an Underwater Structure using Point Cloud SLAM with an AUV and a
Laser Scanner
Authors: Albert Palomer, Pere Ridao, and David Ribas
Submitted to: Journal of Field Robotics
Quality index: JCR2016 Robotics, Impact Factor: 4.882, Q1
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6
3D Laser Scanner for
Underwater Manipulation

his chapter presents the integration of the underwater laser scanner developed in the context
T
of this thesis with two different manipulation platforms. The work introduces a calibration
procedure to determine the laser scanner position with respect to the robotic arm that will be
used to perform the manipulation task. In the two different manipulation platform the real-time
data gathered with the underwater laser scanner was used to move around a cluttered environment
without touching the objects in the first experiment and detect and pick up an object from the
bottom of the water tank in the second experiment. The proposed work is described in detail and
published in the following book chapter:

Title: 3D Laser Scanner for Underwater Manipulation.
Authors: Albert Palomer, Pere Ridao, Dina Youakim, David Ribas, Josep Forest, and Yvan
Petillot
Journal: Sensors
Volume: 18, Number: 4, Pages: 1–14, Published: 2018
doi: 10.3390/s18041086
Quality index: JCR2016 Instruments & Instrumentation, Impact Factor: 2.677, Q1
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Abstract: Nowadays, research in autonomous underwater manipulation has demonstrated simple
applications like picking an object from the sea floor, turning a valve or plugging and unplugging a
connector. These are fairly simple tasks compared with those already demonstrated by the mobile
robotics community, which include, among others, safe arm motion within areas populated with a
priori unknown obstacles or the recognition and location of objects based on their 3D model to grasp
them. Kinect-like 3D sensors have contributed significantly to the advance of mobile manipulation
providing 3D sensing capabilities in real-time at low cost. Unfortunately, the underwater robotics
community is lacking a 3D sensor with similar capabilities to provide rich 3D information of the
work space. In this paper, we present a new underwater 3D laser scanner and demonstrate its
capabilities for underwater manipulation. In order to use this sensor in conjunction with manipulators,
a calibration method to find the relative position between the manipulator and the 3D laser scanner
is presented. Then, two different advanced underwater manipulation tasks beyond the state of
the art are demonstrated using two different manipulation systems. First, an eight Degrees of
Freedom (DoF) fixed-base manipulator system is used to demonstrate arm motion within a work
space populated with a priori unknown fixed obstacles. Next, an eight DoF free floating Underwater
Vehicle-Manipulator System (UVMS) is used to autonomously grasp an object from the bottom of a
water tank.
Keywords: 3D; underwater; laser; manipulation; point clouds

1. Introduction
Autonomous Underwater Vehicles (AUVs) are mostly used for survey missions. Nevertheless,
a large number of potential applications require intervention going beyond their current capabilities
(e.g., the maintenance of permanent observatories, submerged oil wells, the search and recovery
of black-boxes, etc.). Such applications are currently tackled using work-class Remotely Operated
underwater Vehicles (ROVs) with a significant cost dominated by the cost of the ship. Advancing
towards Intervention Autonomous Underwater Vehicles (IAUVs) may reduce drastically the cost of
these operations. Although scientists have significantly advanced the state of the art during the last
decade, today’s technology is still far from the capabilities already demonstrated in other robotics fields.
For instance, to the best of the authors knowledge, none of the systems reported in the underwater
robotics mobile manipulation literature have published experimental results using motion-planning
and obstacle avoidance methods, while in other robotic domains (mobile robotics, humanoids, etc.),
such techniques are routinely used. Mobile robots have demonstrated the capability to identify objects
using depth-RGB images, allowing them to better understand the scene where the manipulation takes
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place [1,2]. Knowing the surrounding objects, we introduce semantics in the intervention process.
It allows understanding, for instance, which objects are graspable and how they should be grasped,
bringing the manipulation operation to the next level. Underwater robots are very far from exhibiting
those capabilities. The authors think that one of the reasons explaining why underwater mobile
manipulators are so immature with respect to land-based robots is due to the lack of proper sensing
devices. With the appearance of the Kinect, 3D sensing has drastically reduced in cost, becoming a
very popular sensor for mobile manipulation. Unfortunately, it does not work properly underwater,
and a clear alternative does not exist yet.
This paper presents a new real-time 3D laser scanner designed to improve the capabilities of
the Underwater Vehicle-Manipulator Systems (UVMSs). The scanner is able to provide 3D scans at
different resolutions and frequencies (number of scans per second). A method to calibrate the laser-arm
system is also proposed, and the complete system is demonstrated in two applications: (1) an eight
Degrees of Freedom (DoF) underwater manipulator moving in a water tank populated with a priori
unknown obstacles and (2) an eight DoF Intervention Autonomous Underwater Vehicles (IAUVs)
grasping an object from the seabed.
The paper is organized as follows. First, a review of the literature is presented in Section 2.
Then, Section 3 explains the mechatronics and Section 4 the calibration methods. The experimental
results are presented in Section 5 before concluding in Section 6.
2. Related Work
The research on autonomous underwater intervention goes back to the early 1990s with
the pioneering works of OTTER [3], ODIN [4], UNION [5] and AMADEUS [6], although field
demonstration did not arrive until the first decade of the 21st Century. The first fully-autonomous
intervention at sea, was demonstrated by ALIVE [7], where a hovering-capable AUV was able to
home and dock to a sub-sea intervention panel to open/close a valve. In this project, the panel
was a priori known, and the features of the panel were used to compute the relative position of
the AUV with respect to it. The first object manipulation from a floating vehicle was achieved in
2009 within the SAUVIM project [8]. It demonstrated the capability of searching for an object whose
position was roughly known a priori. The object was endowed with artificial landmarks, and the robot
autonomously located and hooked it to a recovery device while hovering. The first multi-purpose
object search and recovery strategy was demonstrated in the TRIDENTproject in 2012. First, the object
was searched using a down-looking camera and photo mosaic techniques. Next, it was demonstrated
how to autonomously “hook” the object to a water tank [9]. The experiment was repeated in a harbour
environment using a four DoF arm [10], and later on with a seven DoF manipulator equipped with
a three-finger hand [11]. In this project, the object was known, and its position was computed using
correspondence between the image and a priori model.
Given the importance of Inspection, Maintenance and Repair (IMR) tasks for the offshore industry,
representative tasks usually performed by ROVs, like valve turning and connector plugging or
unplugging, have been automated with different approaches. Fixed-base, fully-autonomous valve
turning has been demonstrated twice. In [7], a mechanical scanning imaging sonar was used to
locate and home to a sub-sea panel using visual servoing techniques for docking the vehicle with
two hydraulic grasps. Once docked, a hydraulic seven DoF manipulator was used to open/close
a valve that was highlighted with a circle. Similarly, [12] used an active localization strategy based
on a sum of Gaussian filter to discover the sub-sea panel with which the AUV should interact [13].
Next, visual servoing methods based on the a priori known appearance of the sub-sea panel were
used to autonomously dock the robot into a funnel-based docking station. In this case, no latching
mechanism was used. Therefore, to keep the AUV docked to the intervention panel, it was necessary
to keep pushing it with a small force until the intervention operation was concluded. This resulted
in minor motion of the vehicle with respect to the panel and forced the usage of computer vision
techniques to detect the valve handle in order to turn it. In the same work, a first autonomous
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demonstration of a connector unplugging and plugging operation with a fixed-base was also carried
out. In this work, the panel and its texture were known, allowing the vehicle position to be computed
from a single image, and an artificial landmark was positioned next to the valve to identify it.
The work done by the authors in the PANDORA project demonstrated more a challenging scenario by
performing autonomous free-floating valve turning operations on a sub-sea panel using a learning by
demonstration paradigm [14]. More recently, a task priority redundancy control approach has been
used by the authors for the kinematics control of an UVMS, again to demonstrate the free-floating
autonomous valve turning [15]. In these two works, the valve panel was known a priori, providing
good robot localization. Moreover, the algorithm had to deal only with the angle of the valve because
its position was already known from the panel. Finally, to the best of the authors’ knowledge, none of
the state of the art underwater works deal with scenes cluttered with obstacles to avoid while executing
the manipulation.
Despite all this work, the lack of Kinect-like underwater sensors has forced the use of computer
vision techniques instead of 3D point cloud algorithms for autonomous manipulation. The only
available sensors that produce 3D point clouds that could be used in for this purposes are: (1) a Kinect
mounted in an underwater housing; (2) stereo cameras; and (3) laser scanners. Although the
distortion introduced by the viewport can be corrected when using a Kinect in an underwater housing,
the infra-red light that it uses is attenuated too fast, reaching only 20-cm distances [16]. In contrast,
stereo cameras can work at longer ranges, up to a few meters, but they are constrained to the existence
of features in the observed scene. Without features, the stereo pair cannot reconstruct the environment.
Laser scanners overcome such a limitation by using structured light projection. Therefore, they work
in more scenarios than stereo cameras. However, laser scanners suffer from a distortion on the
reconstructed cloud proportional to the motion of the sensor while it was gathering the scan. Already
existing laser scanners normally use a laser plane and a fixed camera, being able to reconstruct a single
profile. Often, those scanners are actuated with one DoF, in order to be able to provide a sector scan
(commonly mounted on a tripod, or from a landed ROV). Since it takes a significant time to gather a
sector scan (a few seconds), although they may be appropriate from mapping, they are not suitable
for manipulation, which requires a fast scanning speed. Instead, the scanner proposed here steers the
laser beam using a fast mirror providing a significantly faster scanning speed enabling advanced
manipulation tasks similar to those shown by land mobile manipulators and/or humanoids such as
moving a manipulator without colliding with the environment, detecting and identifying an object
and its position or grasping that object in a cluttered environment.
3. Mechatronics
In this section, the proposed laser scanner is introduced first, and then, the robotics systems in
which it is integrated are presented.
3.1. Laser Scanner
The proposed laser scanner consists of a galvanometer steering a mirror, a laser line projector,
a camera and housing with two sealing viewports, one for the camera and one for the laser. The laser
is projected into the mirror and reflected to the scene through the laser viewport. The galvanometer
actuates the mirror in a way that for each image, the laser line is projected onto a different part of
the scene. The camera and the galvanometer are synchronized electronically in a way that, for each
galvanometer position, the camera is triggered once. This produces an image on the camera that
contains only one single line. By accumulating all the laser points computed for each mirror position
during a full scan, the sensor can produce a 3D point cloud similar to the one obtained by stereo
imaging or depth cameras (see Figure 1). The proposed laser scanner can operate from 0.5–5 m,
depending on water visibility conditions and surface light absorption, at a frame rate from 0.09 Hz at
full resolution (0.008 degrees of galvanometer rotation between projected lines) up to 6 Hz at lower
resolution (see Figure 2). The combination of the hardware elements (camera and galvanometer-mirror)
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in conjunction with the elliptical cone light representation (see Section 4.1.5) makes this scanner faster
than state of the art systems.

Laser
Laser

Camera
Camera

Mirror-galvanometer
Mirror-galvanometer
(a)

(b)

Figure 1. The laser scanner mounted on a tripod (a) and an example of the point cloud gathered with it
coloured according to each point’s distance to the background (b).

Figure 2. Laser scanner frame rate.

The laser scanner model that describes the sensor is depicted in Figure 3 and consists of:

T
(1) the laser pose with respect to the camera {C} t{ L} = t x ty tz tφ tθ tψ ; (2) the mirror-galvanometer

model Π = {ρ, δ, {C} t{ M} } where ρ is the galvanometer mechanical step (the rotation of the mirror
→
plane around the −
x axis of the mirror frame { M } can be computed using the step s and ρ), δ is
the mirror surface distance to the mirror rotation axis and {C} t{ M} is the transformation from the
camera frame to the mirror frame; (3) the laser viewport Ω L = {πL t L } with central plane πL
and thickness t L representing the two laser viewport interfaces πL,0 and πL,1 ; (4) the camera model
with the pin-hole parameters { f x , f y , c x , cy } and the radial {k1 , k2 , k3 } and tangent { p1 , p2 } distortion
parameters; and (5) the camera viewport ΩC = {πC tC } representing the two camera viewport
interfaces πC,0 and πC,1 .
→
Given this model, the path that a ray of light emitted at an angle α around the −
z direction
of { L} (i.e., rα,0 ) can be computed using reflection and refraction. The ray rα,0 is reflected onto the
mirror surface πs at the angular step s producing rα,1 . This is then refracted on both sides of the laser
viewport. First on πL,0 producing rα,2 and then on πL,1 producing rα,3 , which is projected onto the
scene. The light path on the camera side is traced the opposite way from its actual direction. Therefore,
the light path is computed from the camera to the scene. The ray ru,2 , the reflection of rα,3 on the scene
that lit the pixel u, is traced from the camera ray ru,0 . This ray is refracted on both sides of the camera
viewport, first with πC,0 producing ru,1 and, then, with πC,1 producing ru,2 .
Given these two light paths, the 3D point associated with the laser detection on the camera image
at the pixel u can be computed by intersecting the two rays ru,2 and rα,3 . For a camera ray ru,2 , there
must be only one laser ray rα,3 that intersects with the camera ray, otherwise, the pixel u could not be
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lit by the laser. To find which α produces the intersection, a minimization process over the distance
between the two rays is done. Computing the 3D points using this technique is time consuming
because of the minimization process. In [17], the authors present results proving that an elliptical cone
surface represents the light after the flat viewport refraction (i.e., the elliptical cone contains the rays
rα,3 ∀α ∈ [α0 , α1 ] where α1 − α0 is the aperture of the laser line). Then, the 3D points can be computed
by intersecting the ray ru,2 with the elliptical cone associated with the mirror position s. Using the
elliptical cone offers a clear advantage when compared with the ray intersection technique because the
ray-cone intersection has a closed form solution, and there is no iteration process as opposed to the
parameter α triangulation. However, this requires an extra calibration step because the elliptical cone
for each angle s at which the scanner will work has to be computed (see Section 4.1.5).
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Figure 3. Illustration with the different elements of the sensor (light grey), the elements of the
mathematical model (black) and the light path (dark grey).

3.2. Fixed-Based Underwater Manipulator System
The first system used to demonstrate the underwater laser capabilities is a redundant eight DoF
robot manipulator (see Figure 4). This manipulator consists of a two DoF Cartesian manipulator and a
six DoF robot arm attached to its head. The laser scanner was mounted on a pan and tilt attached to
the head of the Cartesian manipulator. A brief description of the components follows.

Figure 4. Water tank with the six DoF robot arm mounted on the head of the Cartesian manipulator
(left); underwater scene with the three way-points defined for the experiment (centre; see Section 5.2);
sketch of the Cartesian manipulator (right; units in mm).
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3.2.1. Cartesian Manipulator
The Cartesian manipulator has three DoF (X, Y and Z) with a length of 3.85 m, 2.77 m and 0.3 m,
respectively. Given the small length of the Z axis, only the other two were used. At the end of the Z axis,
there is a mechanical head where we attached the robot arm and the laser scanner previously described.
The robot controller accepts simple commands to drive the head towards a desired position or to follow
desired trapezoidal velocity profiles, amongst others. Moreover, a Robot Operating System (ROS)
wrapper developed at the Ocean Systems Laboratory (OSL) was already available, simplifying the
integration process with the other systems.
3.2.2. 6 DoF Robotic Arm
The robot arm used was an HDT-Global Adroit-M arm with six DoF equipped with a dexterous
hand with three fingers and four DoF. This electrically-driven robot arm rated for a 100-m depth has a
length of around 1 m, weighs 10 kg in air and may lift up to 16 kg in air. The arm control software
works in ROS providing interfaces to control it in joint or end-effector space. The arm can be controlled
in position, velocity and torque.
3.3. Underwater Vehicle Manipulator System
The second system used to demonstrate the underwater laser capabilities for manipulation
purposes is a free-floating redundant eight DoF robot manipulator (see Figure 5). In this case, the
system consists of the Girona 500 AUV [18] and an ECA/CSIP 5E lightweight underwater arm. The
laser scanner was mounted fixed on the Girona 500 payload area.

Figure 5. Girona 500 AUV with the four DoF robotic arm and the laser scanner. On the left, the robot
is scanning an amphora, and the scanner is highlighted with a white circle. On the centre and on the
right, the robot is ready for deployment.

3.3.1. Girona 500 AUV
The Girona 500 AUV is a compact and lightweight vehicle rated for a 500-m depth with survey
and intervention capabilities. The overall dimensions of the AUV are 1 m in heigh, 1 m in width and
1.5 m in length with a weight under 200 kg. The two upper hulls contain the flotation, while the
lower hull contains more heavy elements such as batteries or the payload area. This makes Girona
500 AUV an especially good vehicle for intervention purposes because its difference between the
flotation centre and mass centre provides the AUV with a very good passive stability. With the current
thruster configuration, the AUV has four DoF. The vehicle can be controlled in position, velocity and
force and is integrated with ROS.
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3.3.2. Four DoF Robotic Arm
The robot arm used was an ECA/CSIP Light-Weight ARM 5E. This underwater electrical arm
is composed of four revolute joints with reachable distances of 1 m and is equipped with a one DoF
gripper. The arm is composed of aluminium partially covered with foam and rated to a 300-m depth.
It weighs 29 kg in air, which decreases to 12 kg underwater, and can lift up to 12 kg at full reach. This
robotic arm is integrated with ROS, has interfaces to its joint positions and can be controlled in joint or
end-effector space.
4. Calibration
This section gives an overall view of the calibration process of the laser scanner presented in
Section 4.1. Then, Section 4.2 proposes a calibration method to integrate the laser scanner and the
robotic arm so they can be used together in the advanced manipulation tasks presented in Section 5.
4.1. Laser Scanner Calibration
The laser scanner calibration process consists of four steps used to estimate the elements of the
model: (1) in-air camera calibration (see Section 4.1.1); (2) in-air laser calibration (see Section 4.1.2);
(3) camera viewport calibration (see Section 4.1.3); and (4) laser viewport calibration (see Section 4.1.4).
Moreover, instead of using a plane, an elliptic cone is used to model the laser light corresponding to
each mirror position (see Section 4.1.5), to deal with the beam distortion induced by the flat viewport.
The calibration method presented here is further detailed in [19].
4.1.1. In-Air Camera Calibration
The camera calibration process uses multiple views of a chessboard pattern to produce pairs of
2D image points (pixels detections of each chessboard corner) with the 3D object points (the actual 3D
position of each chessboard corner with respect to the chessboard frame in metric units). These pairs of
points for different views are used to fit the pin-hole camera model, as well as the lens distortion model.
In this work, we use a pin-hole camera model { f x , f y , c x , cy } with a radial {k1 , k2 , k3 } and tangent
{ p1 , p2 } distortion model such as the one presented in [20]. During the estimation of these parameters,
the camera position with respect to the object is also estimated for each image of the object. The camera
calibration is done using the Open Source Computer Vision (OpenCV) library [21] built-in functions.
4.1.2. In-Air Laser Calibration
Using the in-air camera calibration and pairs of laser points retro-projected in the image
plane (2D points) and the corresponding 3D laser points (laser projections onto a calibration
plane), it is possible to estimate the mirror-galvanometer model Π = {ρ, δ, {C} t{ M} } and the

laser pose {C} t{ L} . The calibration data are generated by projecting the laser light at n different
galvanometer-mirror steps (s = {s1 , . . . , s j , . . . , sn }) onto a planar surface π pi for m camera relative


poses ti (T = {t1 , t2 , . . . , tm |ti = ti,x , ti,y , ti,z , ti,φ , ti,θ , ti,ψ }) as shown in Figure 6. For each projection
plane π pi , an estimate (π̂ pi ) of the plane, as well as an estimate of its pose (t̂i ) are computed using a
visual pattern placed on it. Next, for each combination of estimated projection plane π̂ pi and angle


step s j , the set of 3D plane points lit by the laser (Pi,j = { pi,j,1 , pi,j,2 , . . . , pi,j,o | pi,j,k = p x py pz }) is
computed by intersecting the ray that passes through each laser detection pixel on the image plane
(2D point), with the estimate π̂ pi of the corresponding projection plane. Each one of the calibration
pairs of points belongs at the same time to two groups: (1) the group of points reconstructing the
S
projection plane Pπ pi = nj=1 Pi,j (all the points gathered within one scan by steering the mirror along
its complete range, scanning a projection plane fixed at a certain pose); and (2) the group of points of a
S
specific mirror position Ps j = im=1 Pi,j (all the points gathered with the mirror positioned at a certain
angle, for all the different poses of the projection plane).
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Figure 6. Illustration with all the elements from the air laser calibration. The top part of the figure
shows the vertical view of the laser plane Ps j . The bottom part shows the top view of the laser scanner
and the calibration planes.

The most basic in-air calibration consists of fitting a plane π̂s j amongst the 3D points of each mirror
position s j . With these planes, the first estimation of the mirror-galvanometer model can be computed.
The rotation axis of the galvanometer can be computed by averaging all the direction vectors of the
→
intersection line between two consecutive planes π̂s j and π̂s j+1 . This axis defines the −
x direction of the
−
→
→
mirror-galvanometer reference frame. The z direction is the vector perpendicular to the −
x , as well as
−
→
−
→
−
→
to the normal of the first plane π̂s0 . The y is perpendicular to x and z . With these three directions
defined, the rotation part of {C} t{ M} is estimated. The translational part can be computed by averaging
the points of the intersecting lines of the planes π̂s j and π̂s j+1 and the plane z = 0. The galvanometer
mechanical step ρ can be computed by averaging the angle between all the pairs of planes π̂s j and
π̂s j+1 . With the first estimation of the Π model, the original laser plane πl that generated each one of
the πs j planes for each mirror position s j can be estimated (π̂l ) by reflecting each laser plane π̂s j on the
mirror and averaging all the reflected planes. With this simplified model for each 3D point, an error
can be defined by intersecting the camera ray associated with the 3D point and the reflection of the
laser plane π̂l on the mirror at the corresponding position. This error can then be minimized to better
estimate this sensor model.
The final part of the in-air laser calibration is estimating the laser focal point, in other words
the laser pose {C} t{ L} , which will be on π̂l . For this purpose, each end point of the projected lines is
grouped taking into account its mirror position and to which line extreme it corresponds. Therefore,
for each galvanometer-mirror position, two groups are created Ps↑j and Ps↓j that contain as many points
as relative positions of the laser scanner with respect to the projection plane. Each group of points
represents the reflection of the two extreme laser rays on the mirror at step s j , where Ps↑j is the top and
Ps↓j the bottom one. The ray can be computed by fitting a line for each group of points. Then, each fitted
ray is reflected with its corresponding mirror position. The laser focal point is computed by finding
the point on the plane π̂l that is closer to all the reflected rays. Finally, the laser orientation is fixed by
→
→
setting the −
z direction coincident with the normal of the plane π̂l , the −
y direction perpendicular to
−
→
−
→
→
→
the z and the normal of the plane πs0 and the x direction perpendicular to −
y and −
z.
4.1.3. Camera Viewport
In this calibration step, the algorithm uses multiple underwater views of a chessboard pattern to
produce pairs of 2D image points and the 3D object points, similar to the data used in Section 4.1.1.
Given the camera viewport ΩC and the transformation of the object to the camera {C} t{O} , an error
can be defined between the ray that passes through the detected pixel and is refracted on both sides
of the viewport and the object point. Using multiple views of the object, a minimization problem
can be defined and optimized to estimate the camera viewport ΩC and all the object to camera
transformations. Figure 7 presents an illustration of the error computation for one position. In this
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illustration, the object has two 3D points (the two end points of the line). The ray that passes through
each one of the pixels corresponding with the end points of the object is refracted on both viewport
interfaces πC,0 and πC,1 . Then, the error e0 and e1 between each object end point and its associated ray
is computed.
e0

πC,0

πC,1

{C }

{O}

t

e1

Figure 7. Illustration of the camera viewport calibration error for an object with two 3D points.

4.1.4. Laser Viewport
The laser viewport calibration uses the same type of data as the in-air laser calibration
(see Section 4.1.2), but in this case, the plane and the sensor are underwater. For each view
of the projection plane, the same minimization process used in the camera viewport calibration
(see Section 4.1.3) can be used to estimate the relative pose ti of the camera and the pattern by setting
the camera viewport ΩC as constant. Then, each 3D point associated with each 2D image point of the
laser can be computed by refracting the ray that passes through the image point on both sides of the
camera viewport ΩC and intersecting it with the projection plane (see the star in Figure 8).
Given the laser viewport Ω L and the rest of the sensor parameters already calibrated, a point can
be triangulated by intersecting the camera ray ru,2 and the laser ray rα,3 (see the pentagon in Figure 8).
Although the camera ray is known and computed from the camera intrinsic parameters and the camera
viewport (elements from the sensor that have already been calibrated), there is no knowledge of the
angle α of the laser ray that intersects the camera ray ru,2 . However, there is only one ray from the laser
that lights up the camera pixel u associated with ru,2 . The angle α of this laser ray can be computed
by minimizing the distance between the two rays ru,2 and rα,3 . An error between this point and its
associated original 3D points (see e in Figure 8) can be defined. Minimizing the total error of all the
points leads to the laser viewport Ω L estimation.
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Figure 8. Illustration of the laser viewport calibration error. The star represents the point computed
by intersecting the camera ray with the object while the pentagon represents the point computed
intersecting the camera ray with the laser ray. Note that the laser ray rα,3 and the camera ray ru,2 do
not intersect in the projection plane πi because the laser viewport is not estimated properly.
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4.1.5. Elliptical Cone Fitting
In [17], the authors presented results proving that an elliptical cone better represents the surface
containing the laser light in the underwater medium when a flat viewport is used to seal a laser
projector such as the one of the laser scanner. The advantage of such a surface is that it represents
well the refraction of the laser plane traversing a flat viewport, and a closed form solution for the
ray-surface intersection exists, allowing for a quick triangulation computation.
Using the sensor model fitted during the calibration process, an elliptical cone is computed for
each mirror-galvanometer position at which the sensor will operate. For each mirror position, rays are
traced from the laser source, reflected on its corresponding mirror and refracted on both sides of the
laser viewport. Then, points are sampled along the rays. These points represent the laser light in the
underwater medium and are used to fit the elliptical cone for that mirror-galvanometer position.
→
z
c (h, β) (see Equation (1)) being a cone with its vertex in the origin, its revolution axis along the −
−
→
−
→
direction and aperture a and b in the x and y directions, respectively, the generic cone g (h, β) can be
computed using a transformation {W } t{Q} (see Equation (2)). Defining d ( p, g (h, β)) as the distance
between a point p and the generic elliptical cone g (h, β), the parameters a, b and {W } t{Q} minimizing
the total addition of the distances of the points sampled on the rays created with the sensor model
can be computed. Therefore, the generic cone that represents the laser projected light for that specific
mirror-galvanometer position is computed and can be later used for on-line triangulation.
h
c (h, β) = a h cos ( β)

b h sin ( β)

g (h, β) ={W } t{Q} ⊕ c (h, β)

h

iT

(1)
(2)

4.2. Laser Scanner-Arm Calibration
The calibration process consists of finding the relative poses of the different elements of the system
so it becomes possible to relate their respective frames. In the case of the AUV equipped with a four
DoF manipulator, the scanner was mounted fixed with respect to the manipulator arm (see Section 3.3).
In the case of the eight DoF manipulator, the scanner was mounted on a pan and tilt unit whose base
was fixed with respect to the base of the robotic arm (see Section 3.2).
To be able to estimate the relative pose of the arm end-effector with respect to the laser scanner,
a marker was placed on the end-effector. This marker can be easily located ({S} t{ M} ) with respect to
the scanner’s camera using simple state of the art computer vision techniques [22].
In Figure 9, two kinematics chains linking { Ab } and the marker { M} are found:
(1) { Ab } → { Aee } → { M } defined by the transformations t2 = { Ab } t{ Aee } and t3 = { Aee } t{ M} ;
and (2) { Ab } → { Pb } → { Pt } → {S} → { M } defined by the transformations t4 =

{ Ab } t

{ Pb } ,

t5 = { Pb } t{ Pt } , t6 = { Pt } t{S} and t7 = {S} t{ M} . For a given configuration of the arm and the pan and
tilt unit, t2 and t5 are known due to the feedback of the arm and the pan and tilt. Moreover, t7 can be
estimated using computer vision techniques, as was done in the calibration section (see Section 4.1.4).
Hence, the only unknown transformations are t3 , t4 and t6 , and the three of them are constant.
Moving the end-effector, as well as the pan and tilt along several poses for which the visual mark
is visible by the scanner camera, every time that the marker is detected, four points referenced to the
marker frame { M} can be added to the set of point used to compute the transformation t7 . Since there
are two kinematics chains to link the position of { M } with { Ab }, we can define an error on each of
these four points by subtracting their positions in the arm base frame { Ab } computed through the two
different kinematics chains:
e i = t2 ⊕ t3 ⊕ p i − t4 ⊕ t5 ⊕ t6 ⊕ t7 ⊕ p i

(3)
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With this point error, we can define the following non-linear least squares problem:
3

T
ei,k
[t3 , t4 , t6 ] = argmin ∑ ∑ ei,k

(4)

[ t3 , t4 , t6 ] k i = 0

where k is the set of different configurations of arm pan and tilt where each marker was observed.
In the same way, the error can be defined in the AUV with a four DoF manipulator to find the two
transformations unknown in that system: { Ab } t{S} and { Aee } t{ M} . Figure 10 shows a very simple visual
confirmation of a correct calibration result. The scanner was used to image the fore arm and the
wrist of the eight DoF manipulator. The figure shows how the estimated 3D point cloud overlays the
manipulator 3D model, providing an idea about the calibration accuracy.

Figure 9. Schematics of the frames involved in the calibration process of the eight DoF manipulator.
Each block/actuator has a different colour: {W} (blue) is the world reference frame; { XY } (pink) is the
position of the plotter head; { Ab } is the base; { Aee } (green) is the end-effector of the robotic arm; { M }
(red) is the frame of a marker used for the calibration; { Pb } is the base; { Pt } (black) is the rotated axis
of the pan and tilt actuator; and finally, {S} (blue) is the frame of the laser scanner. Each one of the ti
represents the transformation between the corresponding reference frames.

Figure 10. Eight DoF manipulator calibrated. It can be seen how the sensed point cloud overlays the
six DoF arm.

5. Experiments and Results
In this section, first an experiment to assess the sensor accuracy is presented followed by the two
experiments involving each one of the mechatronics systems. In the two experiments where the sensor
is integrated with a manipulator system, it is shown how the scanner allows one to implement an
advanced underwater manipulation task beyond the state of the art of current underwater intervention
systems, illustrating the utility of the proposed system.
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5.1. Sensor Accuracy
This experiments consists of scanning a triangular prism to assess how accurately the 3D points
represent the real object. The prism consist of two 58 degree angles separated 200 mm and a third
angle of 64 degrees (see Figure 11). In the experiment, it is positioned in a way that both faces with a
respective angle of 64 degrees, as well as the 200-mm edge are clearly visible. Then, this angle and
longitude are measured for each one of the reconstructions by manually selecting points in the cloud.
In the case of the edge of the prism, two points are selected, while in the case of the angle, an area
is selected on each face, and the angle between the two normal vectors of the two selected areas is
computed. Figure 12 presents one of the evaluated scans gathered underwater. In the figure, it can be
seen how the error of the measurement of the edge is below 1 mm and the error of the measured angle
is below 0.1 degrees. This has been done for a total of 10 different positions of the prism. The average
error for the 10 different positions of the is 0.53 mm with a standard deviation of 0.27 mm. The angle
mean error is 0.072 degrees with a standard deviation of 0.015 degrees.

58

64
58
82

200
Figure 11. Sketch of the triangular prism used for the experiment. The units are millimetres for the
distances and degrees for the angles.

199.69

63.98

Figure 12. Partial view of a reconstructed area. The cloud has been coloured according to each point’s
distance to the background for easier interpretation. The units are millimetres for the distance and
degrees for the angle.

5.2. Motion Planning of a Fixed-Base Manipulator in the Presence of Unknown Fixed Obstacles
In this experiment MoveIt! [23] is used to plan and control the trajectory of the eight DoF
underwater manipulator. MoveIt! is a mobile manipulation software making available state of
the art techniques implemented in standard libraries like the Kinematics and Dynamics Library
(KDL), the Open Motion Planning Library (OMPL) [24] the Fast Collision Check Library (FCL) [25]
and the OCTOMAP [26]. The motion planning problem tackled falls under the category of an
unknown/time-invariant environment, given that the robot surroundings are initially unknown
to the system, but populated only with static obstacles that will be gradually added to the system map
when scanned during the arm motion.
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For this work, the RRT-connect algorithm [27] was chosen amongst the wide variety of planning
algorithms already available at the OMPL. This planner uses the free and occupied space from an
OCTOMAP, which is constantly updated using the laser scanner 3D data. Therefore, it is able to plan
an obstacle-free path. Moreover, the plan is constantly being checked with the latest OCTOMAP data.
In the eventual case that the already planned path collides with a region that becomes occupied when
a new obstacle is discovered during the motion, it is aborted. In this case, a new path is computed to
reach the final goal without colliding with the new discovered object. This implementation is similar
to our previous work in [28], but in this case, instead of dealing with an a priori known map, the laser
scanner is used to map the environment in real time during the arm motion.
The experiment consisted of moving the end-effector of the eight DoF manipulator cyclically
through three way-points located in a water tank within an area cluttered with unknown obstacles.
At the beginning of the experiment, the occupancy map was empty, allowing the trajectories to be
planned everywhere in the robot work space due to the absence of obstacles. During the execution of
the experiment, the map was constantly updated with the new 3D points of the laser scanner. If the
computed trajectory collided with some newly discovered object, the execution was stopped, and a
new trajectory towards the goal was computed. The experiment was performed in the water tank of
the OSL at Heriot Watt University. A big plastic container (box), as well as two small obstacles (a cup
and a sphere) were placed close to each other separating the direct line between the three way-points.
Figure 4 shows the environment along with the goals.
Figure 13 shows the end-effector motion along time. The goal way-points are marked with
black stars. It can be appreciated from the graph that the arm was reaching each requested goal with
accuracy. The end-effector attitude is omitted in Figure 13 as it was kept constant for all three goals
during the mission ([φ θ ψ] T = [0 2π 0] T ). Note that the end-effector trajectory changed along the
cycles due to the random nature of the RRT-connect path-planning algorithm from one side and due
to the fact that during the transit, the environment was being discovered, provoking, sometimes,
a trajectory re-planning. Figure 14 shows the arm motion through the working area while it transits
for the first time from Way-point 1 to Way-point 2. There, it can be seen how the trajectory stops when
the OCTOMAP updates the voxels corresponding to the cup (Frame 4) and how it re-plans to reach
Way-point 2 without colliding with the environment. Please see the Supplementary Material for the
video of the overall experiment.

Figure 13. End-effector position with different way-points marked.
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Figure 14. Sequence (1–9) of one of the trajectories of the eight DoF manipulators from Goal 1 to Goal 2.
The shadow robot represents the simulation of the robot following the computed trajectory.

5.3. Object Grasping with a UVMS
In this experiment, the Girona 500 AUV was equipped with the ECA/CSIP Light-Weight
ARM 5E and controlled using the task priority framework. The task priority approach is out of
the scope of this publication; please see [15] for a detailed description of a similar control system.
The experiment consisted of picking up an amphora from the bottom of a water tank, in this case, free of
obstacles. During the experiment, the amphora position was computed for every newly available
data, providing continuous feedback to the task priority control on the grasping pose. Please see [29]
for a description of the grasping pose computation from a point cloud, which is out of the scope of
this publication. To avoid end-effector and object collisions, the grasping procedure consisted on two
stages. First, the UVMS end-effector was moved to a pose aligned with the grasping pose, but at a safe
→
distance along the −
z of the grasping pose (approximately 20 cm). Then, the task priority moved the
UVMS end-effector to the grasping pose. Finally, when the end-effector reached the grasping pose,
the claw was closed, and the UVMS was sent to surface. The experiment was done in the context
of the MERBOTS project [30], were two underwater robots cooperate during a semi-autonomous
intervention operation. The visual markers placed on the floor of the water tank were used for accurate
visual-based navigation, as well as to allow both robots to accurately navigate within the same frame
of reference, not being relevant for the the experiment described here.
It can be seen in Figure 15 how the green mesh corresponding to the detected position of the
amphora, using a ground-truth marker located on it, corresponds to the amphora position in the
point cloud. Moreover, in this same figure, the approach and grasping process is presented in a
sequence to demonstrate that the 3D point cloud was being updated in real time during the complete
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grasping operation (note that the misalignment between the sensed jaw of the robotic arm and the
point cloud is because the opening of the jaw is not properly modelled in the 3D viewer). Please see
the Supplementary Materials for the video of the overall experiment.

1

2

3

4

5

6

Figure 15. Sequence of images (1–6) of the 3D visualizer alongside the real scenario while the robot
approaches and grasps the amphora.

6. Conclusions and Future Work
This paper has presented an underwater 3D laser scanner and its application to advanced
underwater manipulation tasks using two different manipulation systems. The paper described
the laser scanner and outlined its calibration method. Moreover, in order to integrate it with an
underwater robot arm, a scanner-to-arm calibration method was also proposed and implemented. The
sensor accuracy was tested using a known object reconstructed at different distances with measurement
errors smaller than one millimetre and 0.1 degrees. Next, the system was demonstrated using and
eight DoF fixed-base manipulation system following paths planned in real time. The arm was moved
through an environment populated with fixed obstacles located at unknown positions that were
discovered during the motion. A second demonstration was done using a UVMS to autonomously
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grasp an object from the bottom of a water tank. In both cases, the 3D information provided by the
laser scanner was fundamental to complete the task and its accuracy proved to be suitable for the
manipulation purposes.
Future work includes further work in correcting the internal error in the scan as a consequence of
sensor motion. Increasing the sensor frame rate, this distortion will be reduced because the sensor
movement during a scan will decrease. Another approach will be incorporating data from a navigation
sensor (such as an Internal Navigation Systems (INS)) to be able to estimate the sensor motion during
a scan. It also includes testing of the laser scanning with the state of the art methods for 3D object
recognition, in order to introduce semantics for subsea intervention. Moreover, integrating this type
of data and object recognition and pose estimation with underwater manipulation systems can help
to push the underwater manipulation from the research level to an every-day used technique in the
underwater industry.
Supplementary Materials: The Supplementary Materials are available online at http://www.mdpi.com/1424-8220/
18/4/1086/s1.
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7
Results and Discussion

n this chapter the main results of the thesis are presented. First we present the results of
Iunderwater
the multibeam SLAM from Chapter 2 in Section 7.1. Then, the results obtained with the
laser scanner are presented in Section 7.2 divided into the model and calibration results

(see Section 7.2.1) and the two applications (see Sections 7.2.2 and 7.2.3). Please, note that the
figures from Chapters 2 to 6 are not repeated here, only new results incorporate new figures.
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Multibeam SLAM

The SLAM framework presented in Chapter 2 [6] has been tested using two different
datasets. The first one, referred as Tasmania dataset, is a dataset kindly provided by
Prof. Stefan Williams and Prof. Oscar Pizarro from the Australian Center for Field
Robotics (ACFR). It corresponds to an experiment the the robot explores an area of geological interest in Tasmanian waters (Australia). In this experiment, the Sirus AUV was
used to gather bathymetric data from a multibeam echosounder mounted in a standard
down-looking configuration. Moreover, the vehicle was equipped with navigation sensors
for depth (pressure sensor), velocities (DVL) and attitude (AHRS). Because of the multibeam down-looking configuration, this experiment is considered to be 2.5D. The second
experiment explores an area in the Sant Feliu de Guı́xols harbor (Spain) with Girona 500
AUV. In this experiment, referred as Sant Feliu dataset, the vehicle was also equipped
with a pressure sensor, a DVL and an AHRS as well as a USBL to estimate the vehicle
position. Moreover, in this case the multibeam echosounder was mounted on a pan and
tilt unit. This made the multibeam gather profiles, mechanically scanning an spherical
sector, from a down looking configuration to a forward looking one. We consider this is
3D set up.
Besides the datasets reported in the paper corresponding to Chapter 2, the method
was also applied to other datasets generated in the context of the CALDERA-Eurofleets
(see Section 7.1.3) and the MORPH EU projects (see Section 7.1.4).

7.1.1

Tasmania Dataset

In the 2.5D experiment, the maps resulting of the DR navigation and the SLAM present
significant differences, specially in the pockmarks. In the DR map, the pockmarks appear
more blurred and with more bathymetric-related artefacts than in the SLAM map. To
better assess the quality of the maps, the bathymetric discrepancy can be computed using
the Consistency Based Error Evaluation (CBEE) [3]. Using this error metric, we can see
how the SLAM map improved the consistency of the DR map around 19%. This is clearly
seen in the consistency maps where the yellow to dark red areas in the DR are drastically
reduced when compared to the SLAM. Moreover, using the 3D statistic #Cells which
consist on counting the number of cells that two different maps occupy in the same grid,
the SLAM approach has around 2.17% less occupied cells indicating that their sub-maps
are more consistent.

7.1.2

Sant Feliu Dataset

In the 3D experiment, the DR map occupies 34559 cells while the SLAM occupies 32570
cells, 5.76% less. The USBL-aided navigation produced a map occupying 32057 cells
(7.24% less than the DR). The increment in consistency pointed out by the occupied cells
can be seen in the produced maps and in the highlighted areas. In the detail of the harbor
wall we can observe that in the DR navigation there appear two distinct walls separated
by 1.33 m. These are the first and second laps of the mission and it is an effect of the
accumulated drift of the AUV navigation. In both the SLAM and USBL maps this effect
is minimized. In the case of the USBL it is still possible to appreciate some residues of
the two observations while in the SLAM that does not appear.
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Santorini Dataset

During the Caldera 2012 Eurofleets cruise, the Girona 500 AUV was used to explore the
Santorini volcano [23]. The presented results correspond to an exploration mission where
the Girona 500 AUV was equipped with a down-looking multibeam to map a lava tongue
of geological interest at depth from 280 to 330 m and covering an area of approximately
230 × 300 m navigating at an altitude of 15 m. In this case, the consistency of the maps
in the results (see Fig. 7.1) is computed using the standard deviation in depth of the point
in each bathymetric cell. The algorithm parameters for this experiments where the same
as in the experiments reported in Chapter 2. The error maps show how, the DR error map
with total standard deviation 19589.4 m and mean standard deviation 0.247 m is slightly
corrected using the SLAM, producing a total standard deviation of 19354.09 m and mean
standard deviation of 0.244 m, which represents a 1.20% of improvement with respect to
the DR solution. In this case very little improvement is observed. In our opinion this is
due to the fact that most of the error present in the map is probably due to a poor roll
calibration of the multibeam which cannot be corrected with our SLAM method. This
can be appreciated with the cyan color along overlapped parallel tracks corresponding to
a different terrain depth observed when the robot moves in inverse directions. Most of the
map correction is actually focused on the red spot.

Figure 7.1: Bathymetric map with contours produced using the proposed SLAM algorithm (left)
and the standard deviation error maps (m) of the DR (center) and SLAM (right).

7.1.4

Porto Pim Dataset

The data was gathered during the final field trials of the MORPH European project
in 2015. Depending on the experiment, 4 or 5 vehicles where involved (at least one
Autonomous Surface Craft (ASC) and 3 AUVs). However, the produced maps only use
the Girona 500 AUV data. During the field trials, the pan and tilt actuator on Girona
500 AUV was broken, for this reason, the multibeam was mounted into a down-looking
configuration as opposed to the Sant Feliu de Guı́xols experiment of the project earlier in
the year.
The first experiment started on September 10 at 11:44 UTC and consisted on exploring
the area in front of an unknown cliff. The second experiment started on September 11
at 11:45 UTC and consisted on following an oval path 5 times over the same area after
approaching it from a cross track. The last experiment started on September 11 at 17:08
UTC and consisted on completing 3 turns around a rock of approximately 40x20 m (with
a step on the eastern side). The algorithm parameters for this experiments where the
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Experiment Number
Experiment Date
DR CBEE
SLAM CBEE
USBL CBEE
DR #Cells
SLAM #Cells
USBL #Cells

1
Sept 10 11:44
4886.67
4274.04 (14.29%)
3523.93 (29.33%)
51319
49491 (3.56%)
49914 (2.74%)

2
Sept 11 11:45
8400.57
4925.65 (41.37%)
3674.66 (56.26%)
52735
40342 (23.50%)
36209 (32.34%)

3
Sept 11 17:08
6379.62
5836.97 (8.51%)
5836.97 (4.50%)
63354
60443 (4.59%)
62125 (1.94%)

Table 7.1: Numerical results of the bathymetric experiments. The percentage indicates the
improvement with respect to the DR solution.

same as in the experiments reported in Chapter 2 except for the normal occupancy, set to
30%, and the point cloud subsampling, set to 1 m. The results are presented in Table 7.1
as well as in Figs. 7.2 to 7.4 for experiments 1 to 3 respectively. The results show how
the maps produced using our proposed SLAM improve the DR navigation significantly
although the results are not as good as with the USBL navigation. In experiment 1 (see
Fig. 7.2) the error maps show how the error is reduced, specially in the southern part
of the map although it was not completely removed. In experiment 2 (see Fig. 7.3) the
DR navigation drifted enough to cover the inner empty part of the oval-shaped trajectory
while the SLAM approach produces a much better trajectory. Finally, in experiment 3 the
DR did not drift as much as in the previous experiments and the consistency map does
not show significant errors (see Fig. 7.4). However, the SLAM is still capable of improving
the consistency of the map.
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Figure 7.2: Porto Pim experiment 1 bathymetric maps (left) and error maps (right) for DR (top)
SLAM (mid) and USBL (bottom). Depth and error (color scale) in m.
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Figure 7.3: Porto Pim experiment 2 bathymetric maps (left) and error maps (right) for DR (top)
SLAM (mid) and USBL (bottom). Depth and error (color scale) in m.
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Figure 7.4: Porto Pim experiment 3 bathymetric maps (left) and error maps (right) for DR (top)
SLAM (mid) and USBL (bottom). Depth and error (color scale) in m. Note that the step in the
eastern side of the map is not an artifact.
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Underwater Laser Scanner

This section discusses the different results of the four works regarding the underwater laser
scanner. Section 7.2.1 presents a summary of the results of the model and calibration
of the underwater laser scanner Then, the results of the SLAM algorithm proposed in
Chapter 5 [5] are presented in Section 7.2.2. Finally, Section 7.2.3 presents the results of
the manipulator system introduced in Chapter 6 [6].

7.2.1

Model and Calibration

The model and calibration results include the elliptical cone proposed in Chapter 3 [7],
the overall ray-based model and calibration procedure in Chapter 4 [4] and also accuracy
results from Chapter 6 [6]. Moreover, this section incorporates the discussion of the limits
of the elliptical cone representation of the laser light as well as a comparison between a
reconstructed underwater scene using the planar model and the elliptical cone one.
Elliptical Cone
The laser light projection model matched the empiric observations of the laser scanner
showing that the light is bent in a way that, when the incidence angle between the laser
plane and the viewport is not perpendicular, the projection of the light becomes non linear.
This means that the surface containing the different rays of light underwater is not planar,
hence, we proposed to use an elliptical cone to represent the underwater laser light. To
assess how an elliptical cone better describes the projected light underwater, we compared
to the standard plane representation used by the state of the art methods.
Using the ray-based model of the laser light projection, we computed 35 synthetic rays
distributed in 55◦ of laser aperture for angles between the laser incidence plane and the
viewport ranging from 0◦ to 22◦ . These rays are reflected and refracted according to the
model and 5 points are taken on each ray at 100 mm intervals starting 100 mm far from
the outer part of the viewport. Using these synthetic points that represent the modeled
light, we fit a plane and an elliptical cone for each incidence angle. While the worst fitting
error of the plane is almost 0.85 mm in the most extreme angle, the maximum error of
the elliptical cone fitting is 0.19 mm representing an improvement of 77.1%. Moreover, it
does not increase with the angle of incidence.
To confirm the hypothesis that the elliptical cone is a better representation of the light
projected surface, the same two surfaces were fitted amongst real 3D points. The laser
scanner was used to project light onto a planar surface at different relative positions of
the scanner and the surface. Then, the 3D points used to fit the plane and the elliptical
cone were computed in the same way as the underwater viewport calibration 3D points
(see Chapter 4). Although the fitting errors are bigger than the ones obtained with the
synthetic dataset, the overall behavior is similar. In this case, the fitting error results
confirm that the elliptical cone, with fitting errors around 0.5 mm for all the angles, does
describe better than a plane the projected light, with errors from 1 mm up to 2.5 mm.
Using the laser projection ray model from Chapter 3 and Chapter 4, the limits of the
elliptical cone model are analyzed. In this case 171 laser rays (see Fig. 7.5, Laser ray)
are sampled across a laser aperture of 175◦ for 9 different laser-viewport incidence angles
γ varying from -20◦ to 20◦ . The intersection between each laser ray α at each incidence
angle γ and a projection plane at 0.5 m distance from the viewport is computed. This

115

7.2 - Underwater Laser Scanner

⊥
to

La

Cen
tral

ray

ort

ser

wp
vie

x

Projection plane

n
Fa

y

γ

fan α
ray

Laser scanner

Figure 7.5: Schematic drawing of the data generation for Fig. 7.6.

Figure 7.6: Projection of the simulated laser at 0.5 m distance. Each stripe corresponds to the
projection of the laser for a specific angle of incidence between the laser and the viewport (in the
figure varying from -20◦ to 20◦ ). Each laser projection is colored according to the angle α of the
laser ray.

intersections are plotted into Fig. 7.6 colored with it’s α value. This figure presents the
curved shape of the laser at 0.5 m distance from the viewport for the 9 different laserviewport incidence angles. There, it can be seen how, the curvature of the projected
laser changes as the angle α increases, concluding that the elliptical cone surface would
not be able to represent the laser light beyond a certain laser fan aperture. Fig. 7.7
shows the cone fitting error (i.e. final cost of the fitting cone minimization problem from
Eq. (30) in Chapter 4) for different laser apertures with a constant incidence angle γ of
20◦ . There, it can be seen how the error fitting grows with the laser aperture, specially for
apertures beyond 80◦ . This covers most of the commercially available laser line projectors,
which have apertures up to 90◦ . Moreover, when the aperture of the laser increases, the
optical density of the projected line decreases making the line detection more challenging.
Therefore, using big laser apertures is not recommended, specially underwater where light
attenuation is higher than in air. Using bigger fan angles would also force to use a wider
lens with the camera, otherwise, some part of the line would not be contained in the images

116

Chapter 7. Results and Discussion

wasting some of the already decreased optical density of the projected line. Moreover,
a wider camera lens would introduce bigger image distortions producing less accurate
reconstructions. Finally, a wider lens would also increment the area on the scene covered
by each pixel (assuming a fixed resolution for the camera), this would decrease the quality
of the laser line sub-pixel detector.

Figure 7.7: Cone fitting error at a 20◦ incidence angle between the laser plane and the viewport
for different laser apertures.

Finally, with the laser scanner calibrated, the ray-based model triangulation and the
elliptical cone one were compared. This comparison was done by computing the euclidean
distance between all the pairs of 3D points computed using the two triangulation techniques corresponding to the same illuminated pixel. The average distance between points
was 0.05 mm with a standard deviation of 0.06 mm. This confirms that the elliptical cone
is a good representation of the overall set of light rays. When comparing the triangulation
time for a high resolution scan (i.e. the lowest frame rate at which the sensor can scan),
the triangulation using the ray triangulation is more than 4 times slower the triangulation
time using the elliptical cone: 21 s and 5 s respectively for a full resolution complete scan.
Laser Scanner 3D Reconstructions
To assess the accuracy of the laser scanner using the elliptical cone triangulation we first
scanned at different distances (from 0.5 m to 1.2 m) a set of 3 calibrated ceramic gauges
(20 mm, 50 mm and 100 mm long) both in air and underwater. In this experiment, the
size of the gauge was determined in each scan by manually picking two points on each
gauge. From the 29 scans used in this quality assessment the average error was 0.44 mm
and 0.98 mm with a standard deviation of 0.35 mm and 0.72 mm in air and underwater
respectively. Moreover, with the histogram of the error and the distance to the center of
the measured gauge we observed that the error grows more slowly with the distance in air
than underwater. In the same way, a triangular prism was scanned 10 times at different
positions from the scanner to assess the accuracy in the measurement of angles. For this
experiment the prism was positioned in a way that the two faces defining one of the angles
were always clearly visible from the scanner. In this set up we measured not only the
angle but also the distance of the opposite edge. The average error for the 10 scans was
0.072◦ with an standard deviation of 0.015◦ while the edge measurement error was 0.53
mm with a standard deviation of 0.27 mm.
Although these results are good, they do not express how well the overall shape of an
object is reconstructed. To assess this, a second experiment was performed where a 3D
printed propeller of 100 mm diameter was scanned at an approximate distance of 65 cm
both in air and underwater. The points from the scan that belong to the propeller were
manually selected and the original CAD model was aligned using Iterative Closest Point
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(ICP). Then, the distance between each point and the CAD model was computed. In both
cases, air and underwater, the average error was well below one millimeter being the in
air reconstruction slightly better than the underwater one. Moreover, the maximum error
was just above 1 millimeter in both cases (1.17 mm in air and 1.19 mm underwater).
The last accuracy experiment consisted on scanning a flat surface at different distances.
To assess the reconstruction error, the best fitting plane was computed for each scan and
the error was defined as the distance from each point to this plane. This experiment shows
smaller errors when the planes are scanned in air than when they are underwater and the
error evolves with the distance from less than one millimeter at short scanning distance,
up to 2.53 mm in air and 4.39 mm underwater at longer distances. Moreover, we studied
what the source of these errors could be by using the synthetic model of the scanner and
slightly changing some of the parameters. When comparing the in air deformations to the
synthetic expected deformations from the model we can see how it is potentially similar
to a combination of a bad estimate of the camera distortion as well as a bad estimate of
the laser position. In contrast, underwater deformations appear to be mainly driven by a
bad estimate of the normal of the laser viewport.
Finally, Fig. 7.8 presents the distortion that appears when using a plane to represent the
laser light underwater. In this experiment, the scanner was used to scan an approximately
flat water tank wall. Comparing Fig. 7.8a, computed using planes for triangulation, with
Fig. 7.8b, computed using cones for triangulation, it is clear that the cone reconstruction
describes more accurately the reality because in the case of Fig. 7.8a the water tank wall
appears completely bent.

7.2.2

SLAM

This experiment consisted on mapping an underwater pipe and valve structure in the
CIRS water tank at a distance between 2 and 3.5 m. The experiment was done with
the Girona 500 AUV and the laser scanner mounted in its payload area looking forward
and approximately 45◦ down. The AUV was teleoperated around the structure and kept
approximately static (keeping position with a zero velocity control) while each scan of the
map was gathered in order to minimize the deformation of the 3D point clouds. The results
show how the AUV drift accumulated in the mission produces a non-consistent map when
using the DR navigation. In contrast, using the EKF SLAM proposed in Chapter 5 as the
navigation solution, the map appears much more consistent. The two produced maps can
be evaluated with the #Cells statistic as we have previously done in Section 7.1. In this
case, the SLAM produced map occupies 5062 cells which is an 18.77% less than in the DR
map (6232 cells).

7.2.3

Manipulation

The laser scanner was also applied to underwater manipulation tasks. Two different manipulation applications were tested were the system was used to retrieve the 3D of the
workspace (i.e. the structure and the amphora for each respective experiment). The first
experiment was done with a fixed-based 8 DoF manipulator working in the water tank
of OSL at Heriot Watt University. In the experiment, the manipulator was moving cyclically through 3 way-points in a working area with unknown fixed obstacles. Using MoveIt!
[122] and the RRT-connect algorithm [123] available in the Open Motion Planning Library
(OMPL), a path was computed between the current position and the next way-point. To
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(a) Water tank wall reconstructed using planes (b) Water tank wall reconstructed using cones
fitted to the ray model as in Chapter 3
fitted to the ray model as in Chapter 4

(c) Comparison of the two reconstructed water tank walls. In white, the one corresponding to
elliptical cone triangulation. In color, the one corresponding to the plane triangulation.

Figure 7.8: Water tank wall scanned using triangulation using plane and cone triangulation. The
point clouds are colored with the distance to the best fitting plane of the cloud.

ensure that the robot does not collide to any of the present objects the trajectory was
planned in the free space of an occupancy map. This map was empty at the beginning
of the experiment and was constantly updated with the new data coming from the laser
scanner. When a potential collision between the computed trajectory and an obstacle
mapped after the planning was detected, the robot stopped and a re-planned. The results
show how the robot was able to move from way-point to way-point three times without
colliding with the environment. Moreover, the first planned trajectory is stopped and
re-planned because it was colliding with a newly discovered object.
In the second experiment, the ECA/CSIP Light-Weight ARM 5E was mounted on
Girona 500 AUV to pick up an amphora at the bottom of the water tank. In this experiment, the grasping pose was computed every time a new point cloud was provided by
the laser scanner. During this experiment, the amphora was located also with artificial
landmarks used to compute its position with state of the art computer vision techniques.
The results show how the position of the computed amphora using the markers and the
point cloud are consistent, allowing the manipulator system to grasp the amphora.

8
Conclusions and Future
Work

concludes this thesis by reviewing the main conclusions and the achieved objectives
Thisin chapter
Section 8.1 and proposing some research lines for future work in Section 8.2.
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Conclusions and Contributions

This thesis has extended the state of the art presenting two methods for 3D underwater
SLAM using range sensors: a multibeam echosounder and a laser scanner. The objectives formulated in Chapter 1 have been successfully completed as shown in the following
paragraphs.
Underwater 3D SLAM using a multibeam echosounder A Method for doing 3D
SLAM underwater using a multibeam echosounder has been presented, implemented
and validated experimentally. The conclusions and contributions of to this part of
the work follow:
Probabilistic Registration: We have presented a full 3D probabilistic registration
framework by extending the previously presented one. This algorithm is an
ICP method with point-to-point association for coarse registration and pointto-plane association for fine registration. To decrease the computation time as
well as to reduce the potential to fall in local minimums, the two registered
surfaces are sub-sampled. Moreover, the complexity of the association step of
the ICP is reduced from O(n2 ) to O(n) using the presented heuristic based in
the probabilistic representation of the points.
SLAM framework: We developed a full SLAM framework to estimate the robot
trajectory and correct it by incorporating the results of the probabilistic registration.
Experimental Validation: The proposed method has been extensively demonstrated using data collected in field experiments performed with GIRONA 500
AUV (Sant Feliu, Porto Pim and Santorini datasets) as well as with the Tasmania dataset kindly provided by the ACFR researchers. In all cases the maps
produced using the proposed algorithm are more consistent than the ones obtained with DR navigation. When USBL data was available, results were also
compared with maps including absolute positioning, showing a consistency close
to them.
Contributions: The preliminary version of the algorithm was published in [2] using
the Tasmania dataset. Then, different subsampling criterias are presented in [8,
9] using the Santorini and Tasmania datasets respectively. Finally, the complete
version of the systems was reported in [20] using the Tasmania and Sant Feliu
de Guı́xols datasets. The results using the Porto Pim datasets have not been
presented in any publication.
Underwater Laser Scanner A novel real-time laser scanner able to gather variableresolution/speed 3D point clouds of a subsea scene has been designed, modeled,
calibrated and applied to inspection/mapping as well as to intervention applications.
Hereafter, the conclusions and contributions related to this part are detailed.
Ray distortion model: We have developed a model that represents the rays of
light in the projection side of the laser scanner. Moreover, we have proposed
to use an elliptical cone to represent the set of refracted rays in the underwater
media after passing through a flat viewport. This speeds up the triangulation time while keeping the accuracy when compared to the ray-based model.

8.2 - Future work

121

Moreover, the elliptical model cone better describes the projected light than
the state of the art methods using a plane surface. Finally, we have studied the
limits of the elliptical cone model demonstrating that it holds for most of the
laser aperture angles commercially available.
Sensor Model and Calibration: We have developed a full model for the underwater laser scanner taking into account the refraction of the light in both the
emission side as well as the receiving side. Moreover, we have proposed a calibration procedure to estimate all the elements of the laser scanner model as well
as the elliptical cones to be used in real-time 3D estimation. The sensor model
together with the calibration procedure developed allowed us to use the underwater laser scanner as a real-time 3D perception sensor with sub-millimetric
accuracy.
Point Cloud 3D SLAM: The underwater laser scanner developed has been used
to correct the navigational drift of the Girona 500 AUV using a SLAM framework. These experiments were done by inspecting an underwater pipe and valve
structure and have a potential application to IMR tasks.
3D Perception for Intervention: The developed underwater laser scanner has
been used in conjunction with 2 different underwater manipulators in 2 different
manipulation tasks. The first one using an 8 DoF fixed-base manipulator to
move around an environment with unknown obstacles without colliding, and the
second one, to estimate the position of an amphora to grasp it with a UVMS.
Contributions: A patent for the proposed laser scaner has been filed [10]. The ray
projection model of the system is reported in [7] together with the experiments
proving that the elliptical cone representation is better than the plane to represent the projected laser light. The sensor model and calibration procedure are
presented in [4]. Finally the two applications are presented in [5] (point cloud
3D SLAM) and [6] (3D perception for intervention).

8.2

Future work

This thesis can not be considered a final and definitive solution to underwater 3D SLAM
using sonars and laser sensor. However, this work does contribute to step towards better
and more capable AUVs. In this way, we established the basis for the future work to
continue extending the capabilities of AUVs:
Underwater multibeam 3D SLAM: The future work regarding this SLAM framework will have to focus in corrected the internal patch error that the robot drift
introduces to each sub-map. Moreover, if the parameters of the algorithm are not
chosen appropriately, the computational cost of the algorithm does not allow for
on-line usage. In this way, future research will have to tackle the on-line formulation
of multibeam 3D SLAM. Finally, explore the use of pose-based graph optimization
techniques that have been replacing EKF SLAM in the past years [71, 124, 125, 126].
Underwater laser line scanner: Future work in the underwater laser scanner field will
have to tackle mainly the sensor’s error in the planarity of surfaces as well as to
correct the distortion of the point cloud produced by the motion of the vehicle
while gathering a scan. The first can be addressed by improving the currently
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presented calibration procedure. One example could be to incorporate planarity
restrictions in the different minimization problems during the different calibration
steps. Regarding the distortion produced by the motion of the sensor, it can be
minimized by increasing the scanning frame rate or by incorporating data from
navigation sensors at high enough frequency so that the motion is estimated for
each scanned line. Moreover, a deep extensive and systematic analysis of the effects
of bad estimations of the sensor model parameters is necessary to better assess
misscalibrations in further details. Another very important future work will focus
in studying the sensor’s error induced by the viewport deformation at depth. First
analyzing the deformations of the viewport using finite elements analysis to get the
deformed viewports shapes and the ray triangulation model and then, by testing
the sensor at depth scanning known objects. Finally, studying possible surfaces that
better represent the laser light than the elliptical cone for big laser apertures is a
must if a wide angle laser scanner is designed.
The future work in SLAM framework using the underwater laser scanner includes
testing if some of the non-rigid registration algorithms present in the literature [127]
could potentially be used to correct the internal error of the scan produced by the
motion of the sensor. In the same way, the use of pose-based graph optimization
techniques should be explored for the inspection and mapping problems. Moreover,
In the manipulation domain, the future work will focus on object recognition and
pose estimation using 3D point clouds in order to push the autonomy of the manipulation tasks.

A
Line-Cone Intersection

This appendix specifies the steps to solve Eq. (14) (i.e. obtain Eq. (15)) in Chapter 4.
Given the elliptical cone equation:
a h cos(β)


c(h, β) =  b h sin(β) 
h




(A.1)

being a and b the scale factors of the unit circle for the x and y directions, and the
parametric line equation:
   
vx
ox
   
r(λ) = λ vy  + oy 
(A.2)
vz
oz
being v = (vx , vy , vz )T the line direction vector and p = (ox , oy , oz )T a point on the line. It
is possible to find the intersection, if it exist, by solving the following system of equations:
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r(λ) = c(h, β) → λ vy  + oy  =  b h sin(β)  →
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 λvx + ox = a h cos(β)

λv + o = a h sin(β)

y
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 λv + o = h
z
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(A.3a)
(A.3b)
(A.3c)

Eq. (A.3) defines a non-linear system of equations with three unknowns λ, h and β. By
solving this system for either λ or h and β the intersection point can be found.
The unkown β can be easily removed from the system of equations by combining Eq. (A.3a)
and Eq. (A.3b) and taking into account that sin2 (β) + cos2 (β) = 1. Hence, Eq. (A.3a) is
rearenged:
(vx λ + ox )2 = (ah cos(β))2

(A.4)

(vx λ)2 + (ox )2 + 2vx λox = a2 h2 cos2 (β)

(A.5)
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In the same way, Eq. (A.3b) is rearenged:
a
a
a
vy λ + oy = bh sin(β)
b
b
b
a
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vy λ + oy = ah sin(β)
b
b

2
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b
b

2 
2
a
a
a2
vy λ +
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b
b
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(A.6)
(A.7)
(A.8)
(A.9)

Adding Eq. (A.5) and Eq. (A.9):
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Incorporating Eq. (A.3c) into Eq. (A.14), it is possible to remove the unknown h:
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(A.15)

Hence, we can solve this equation for the unkown λ:
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λ2 b2 vx2 + a2 vy2 + λ 2b2 vx ox + 2a2 vy oy + b2 o2x + a2 o2y =
a2 b2 vz2 λ2 + a2 b2 o2z + a2 b2 2vz oz λ (A.17)
which can be rearenged into a standard second degree equation:
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b2 o2x + a2 o2y − a2 b2 o2z = 0 (A.18)
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Narcı́s Palomeras, Antonio Peñalver, Miquel Massot-Campos, Guillem Vallicrosa,
Pep Lluı́s P.L. Negre, J.J. Javier Fernández, Pere Ridao, Pedro J. P.J. Sanz,
Gabriel Oliver, and Albert Palomer. “I-AUV Docking and Intervention in a Subsea Panel”. In: IEEE International Conference on Intelligent Robots and Systems
(IROS). 2014, pages 2279–2285. doi: 10 . 1109 / IROS . 2014 . 6942870 (cited on
page 15).

[109]

Dina Youakim, Pere Ridao, Narcis Palomeras, Francesco Spadafora, David Ribas,
and Maurizio Muzzupappa. “MoveIt!: Autonomous Underwater Free-Floating Manipulation”. In: IEEE Robotics and Automation Magazine 24.3 (2017), pages 41–51.
doi: 10.1109/MRA.2016.2636369 (cited on page 15).

[110]

Patryk Cieslak, Pere Ridao, and Mariusz Giergiel. “Autonomous underwater panel
operation by GIRONA500 UVMS: A practical approach to autonomous underwater
manipulation”. In: Proceedings - IEEE International Conference on Robotics and
Automation 2015-June.June (2015), pages 529–536. doi: 10 . 1109 / ICRA . 2015 .
7139230 (cited on page 15).

[111]

Angelos Mallios. “Sonar Scan Matching for Simultaneous Localization and Mapping
in Confined Underwater Environments”. PhD thesis. 2014 (cited on page 15).

BIBLIOGRAPHY

135

[112]

Josep Bosch, Nuno Gracias, Pere Ridao, and David Ribas. “Omnidirectional Underwater Camera Design and Calibration”. In: Sensors 15.3 (2015), pages 6033–
6065. doi: 10.3390/s150306033 (cited on page 15).

[113]
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