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Resumen
Los océanos han tenido una enorme influencia en la vida de los humanos.
Incluso hoy en dı́a, existen un gran número de aplicaciones que necesitan ser
desarrolladas en este entorno. No obstante, su exploración, especialmente en
las grandes profundidades, está aún lejos de completarse.
Las primeras exploraciones de los océanos se llevaron a cabo utilizando
vehı́culos ocupados por humanos. Pero, con el fin de evitar riesgos humanos, se desarrolló el primer vehı́culo remotamente operado (ROV). El uso
extensivo de los ROVs está muy limitado debido a los altos costes operacionales, la fatiga que sufren los operadores, ası́ como por temas de seguridad.
Durante los últimos años, se han hecho grandes esfuerzos en dotar a estos
vehı́culos de un mayor grado de autonomı́a. Con ello, se aumentan las capacidades de los vehı́culos, ası́ como se reduce su coste. Como resultado,
se han diseñado los vehı́culos autónomos subacuáticos (AUVs). Unas pocas
plataformas se encuentran disponibles hoy en dı́a en el mercado, y, en su
mayor medida, son usadas para realizar misiones de mapeado.
Existen un gran número de aplicaciones que van más allá del mapeado.
Estas aplicaciones tienen en común la necesidad de interaccionar con el
entorno. Hoy en dı́a, estas tareas requieren el uso de ROVs. Pero, recientemente, algunos investigadores han comenzado a trabajar sobre la evolución
natural de los AUV, los vehı́culos autónomos subacuáticos de intervención
(I-AUV). Este nuevo concepto consiste en dotar a un AUV de un manipulador para automatizar las tareas de intervención.
En esta tesis, se ha estudiado el problema de agarrar un objeto desconocido en un entorno subacuático de forma autónoma utilizando un I-AUV.
Este problema engloba la reconstrucción 3D de la escena, la planificación y
la ejecución del agarre.
Antes de comenzar un agarre, se necesita obtener tanta información
como sea posible del objeto de interés y sobre lo que lo está rodeando. Consecuentemente, se ha presentado una nueva aproximación para obtener una
reconstrucción 3D precisa y completa de forma autónoma, sobre un objeto
situado en un entorno subacuático. La aproximación consiste en colocar un
emisor láser y una cámara en el antebrazo del brazo robótico. Mientras el
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brazo se mueve, el láser escanea la escena y la cámara la graba. Entonces,
utilizando un detector de puntos láser junto con un algoritmo de reconstrucción 3D, se calcula la una nube de puntos 3D de la escena, a partir de
las imágenes grabadas.
Las redundancias en las cinemáticas de los I-AUVs se ha de controlar
para permitir que el manipulador alcance una posición deseada sin exceder
ningún lı́mite y, si es posible, cumpliendo un conjunto de tareas con distintas
prioridades. En la tesis, se ha introducido un algoritmo para controlar cinemáticas redundantes. Este incluye, en un único programa, el tratamiento de
múltiples tareas, múltiples cadenas cinemáticas con diferentes prioridades
en las articulaciones, ası́ como restricciones estrictas.
Una vez que el I-AUV ha reconstruido la escena, se ha de planificar la
manipulación. La alternativa presentada toma como entrada la nube de puntos de la escena, a partir de ella, se detectan los objetos situados en la escena
y se estiman sus tamaños. De entre ellos, se selecciona el objeto que mejor
cumpla una serie de condiciones. Entonces, un algoritmo de planificación de
agarre, calcula la posición y orientación que cumpla, en mayor medida, un
conjunto de tareas ordenadas por prioridad y que estrictamente cumpla una
serie de restricciones. Para conseguirlo, se simulan los movimientos que el
sistema realizarı́a mientras intenta alcanzar una posición válida.
Después de calcular la posición y orientación de agarre, esta debe ser
alcanzar adecuadamente con el efector final del manipulador. Pero, no es
una buena idea mover directamente el efector hacia esa posición, ya que los
dedos de la garra podrı́an colisionar con el objeto mientras se alcanza la
posición. La metodologı́a propuesta, mueve, en primer lugar, el efector final
a una posición que facilita los movimientos de aproximación posteriores.
Entonces, este es guiado hacia la posición de agarre. Una vez allı́, la pinza
se cierra agarrando el objeto.
Finalmente, se han explicado dos metodologı́as para detectar problemas durante la intervención y corregirlos. El primero, controla la posición
y orientación alcanzados por el efector final del brazo. Se basa en la detección de un marcador colocado en la pinza del manipulador, utilizando una
cámara situada en la base del brazo. Cada vez que la cámara detecta el
marcador, se calcula la posición del efector final y se corrigen los valores de
las articulaciones del brazo.
La segunda metodologı́a, detecta contactos entre la garra y el entorno,
y corrige la trayectoria del efector final para evitarlos. Para ello, se ha instalado un sensor de fuerza-torque en la muñeca del manipulador. Durante
la fase de aproximación, si se detecta una colisión, se estudia la posición y
orientación actual del efector final, para detectar si la garra está en contacto con el objeto de interés, o con el suelo. Dependiendo del resultado, la
trayectoria se modifica evitando este contacto y continuando con el agarre.

Abstract
During the course of the history, oceans have had a huge influence on humans’ live and there exist a large number of applications that needs to be
done in this environment. Nonetheless, the exploration of the full depths of
the oceans is still far from being complete.
First explorations of the oceans were conducted through human occupied vehicles. But, with the main goal of avoiding human risks, the first
remotely operated vehicle (ROV) was developed. Extensive use of ROVs
is currently very limited because of very high operational costs, operator
fatigue and safety issues. In recent years, efforts have been made to provide
those vehicles with a greater degree of autonomy, expanding the vehicle capabilities as well as reducing costs. As a result, the so called Autonomous
Underwater Vehicles (AUVs) were designed. Few autonomous platforms are
nowadays in the market, but they are routinely used in survey mission.
A large number of applications exist which go beyond the survey capabilities. These applications have in common the necessity of interacting
with the environment. Nowadays these tasks require the use of ROVs. But,
very recently, some researchers have started to think about the natural evolution of the intervention AUV, the Intervention Autonomous Underwater
Vehicle (I-AUV). This new concept consists in endowing an AUV with a
manipulator to automate some intervention tasks.
In this thesis, the problem of autonomously grasping an unknown object
in an underwater scenario has been studied. This problem encompassess the
3D reconstruction of the scene, the grasp planning and the grasp execution.
Before start a grasping, it is needed to obtain as much information as
possible about the object of interest and what is surrounding it. Consequently a new approach to autonomously obtain an accurate and complete
3D reconstruction of an object in an underwater scenario has been presented.
The approach consists in attaching a laser strip emitter and a camera at the
forearm of a robotic arm. While the arm is moving, the laser scans and the
camera records the scene. A laser peak detector and a 3D reconstruction
algorithms are used to obtain a 3D point cloud from the images captured.
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I-AUVs’ kinematic redundancy must be properly controlled to allow the
manipulator to reach a desired pose without exceeding any limit and, if it
is possible, fulfilling a set of tasks with different priorities. A framework for
controlling kinematic redundancy has been introduced. It integrates, in a
unified program, the treatment of multiple tasks, multiple kinematic chains,
different joint priorities and hard constraints.
Once the I-AUV has reconstructed the scene, the manipulation requires
to be planned. The presented alternative takes as input the point cloud of
the scene, detects the objects placed there and estimate their sizes. The
object that better fits with a series of conditions is selected. Then, a grasp
planning algorithm calculates the grasping pose that fulfil in a greater way
a hierarchy of tasks and that strictly accomplishes a set of constraints. To
do so, it simulates the movements that the system would perform while it
is trying to reach a valid pose.
After calculating the grasping pose, this must be properly reached by
the end-effector of the manipulator. But, it is not a good idea to move it
directly to this pose, since the fingers of the gripper could collide with the
object when they are reaching the final pose. The proposed methodology
moves the end-effector to a pose that facilitate the posterior approximation
movements. Then, it is guided to the grasping pose. Once there, the gripper
is closed grasping the object.
Finally, two methodologies for detecting problems during an intervention
and correct them have been explained. The first one, controls the position
and orientation reached by the arm end-effector. This is based on the detection of a marker placed on the gripper using a camera placed on the base
of the arm. Each time the camera detects the marker, the end-effector pose
is calculated and the arm joint values corrected.
The second methodology, detects contacts between the gripper and the
environment and correct the trajectory of the end-effector for avoiding them.
This is based on the installation of a force-torque sensor at the wrist of the
manipulator. During the approaching phase, if a collision is noticed, the
current position and orientation of the end-effector is studied to detect if
the gripper is in contact with the object or the floor. Depending on the
result, the trajectory is changed to avoid this collision and continue with
the grasping.
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Introduction
The oceans cover about 70% of the earth’s surface and contain 95% of
the living space on earth. With as many as 100 million species, marine
biodiversity far outweighs that on land and new species are being discovered
all the time.
Oceans also have a huge influence on humans’ life. They produce 70% of
the oxygen, absorb heat and re-distribute it around the world. They have
represented a critical sources of food and an indispensable way of transport
between nations.
Nonetheless, the exploration of the full depths of the oceans, with its
abundant living and non-living resources, is still far from being complete.
The first explorations of the oceans were conducted through human occupied vehicles, like the bathyspheres build by Charles William Beebe (18771952) and Auguste Piccard (1884-1962) or the well-known Alvin deep-sea
submersible build by Allyn Vine (1941-1994). But the production of these
vehicles reached its peak in the late 1960s, when several of the defense
constructors such as General Dynamics, Rockwell and Westinghouse were
building these systems.
Thanks to the advance of the technology and in order to avoid human
risks, the idea of an unmanned underwater vehicle appeared soon and the
first remotely operated vehicle (ROV) was developed. The first ROV known
as POODLE, was build by Dimitri Rebikoff in 1953. The initial technical
problems in ROV design were worked out in the early 1980s. Then, the ROVs
were able to definitely substitute unmanned vehicles in a huge number of
applications. However, extensive use of manned submersibles and ROVs
are currently very limited because of very high operational costs, operator
fatigue and safety issues [Yuh and West, 2001].
In recent years, efforts have been made to provide those vehicles with a
greater degree of autonomy. The main goal is to remove the tether which connects the vehicle with the surface ship, expanding the vehicle capabilities as
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(a)

(b)

(c)

(d)

Figure 1.1: Example of ROV’s interventions where the manipulator is used: (a) Offshore oil and gas industry operations; (b) Black-box recovery from
a crashed airplane; (c) Intervention operations in
archaeology; (d) Sampling for Biology.

well as reducing costs. This is achieved by attaching to the vehicles their own
energy supplies and giving them a certain level of intelligence, that allows
them to determine their actions based on the inputs from their own sensors and a pre-defined mission plan. As a result, the so called Autonomous
Underwater Vehicles (AUVs) were designed. After years of research, few autonomous platforms are already available in the market, most of them able
to perform side scan sonar and bathymetric multi-beam surveys. 3D optical
maps are nowadays one of the major fronts of research.
However, a large number of applications exist which go beyond the survey capabilities. These applications have in common the necessity of interacting with the environment. The most common can be summed up in the
following list:
• Oil and gas industry: inspection and repairing of submerged infrastructures.
• Search and recovery: localization and grasping objects on the seafloor.
• Deep water archaeology: recovery of benthic stations.
• Science: periodic maintenance of underwater permanent observatories,
ocean survey and sampling of marine chemistry, geology and biology.
Nowadays, these tasks require the use of ROVs (see Fig. 1.1), which
means an expensive oceanographic vessel connected to the vehicles and a
ROV’s pilot suffering cognitive fatigue whilst he is doing a really complicated
job. For all these reasons, very recently some researchers have started to
think about the natural evolution of the intervention ROV, the Intervention
Autonomous Underwater Vehicle (I-AUV). This new concept consists in
endowing an AUV with a manipulator to automate some intervention tasks
(e.g. valve turning, object recovery, etc.).

1.1. Previous Research Projects

3

The main differences between the behaviours of an I-AUV and an AUV
start when the vehicle is close enough to the object which is going to be
manipulated. It is in that moment when the manipulator goes into action.
Due to the novelty of the I-AUV concept, this phase of the mission has not
still been studied enough so it is still far from being a solved problem.
In this thesis, the problem of autonomously grasping an unknown object
in an underwater scenario has been studied. This problem encompasses
the 3D reconstruction of the scene, the grasp planning and the grasp
execution.

1.1 Previous Research Projects
Concerning autonomous manipulation in underwater environments, the pioneering works appeared in the 90s (OTTER [Wang et al., 1995], ODIN
[Choi et al., 1994]), but significant advances in this direction arrived during
the last decade, especially when the first simple autonomous operations at
sea were demonstrated. Most of the advances were obtained in coordinated
research projects like the ones listed hereinafter:
• UNION 1996-99 [Rigaud et al., 1998]: The project focused mainly
on the development of coordinated control and sensing strategies for
combined manipulator and vehicle systems. UNION represents the
first mechatronic assembly of a complete vehicle-manipulator system
for automated manipulation.
• AMADEUS 1993-99 [Lane et al., 1997]: Amadeus had two phases:
the first phase represents the first attempt to develop a dexterous gripper suitable for underwater applications. The 3-fingered gripper was
hydraulically actuated and coordinately controlled by mimicking. In
the second phase,the coordinated control of two underwater electromechanical arms was studied. The project demonstrated the coordinated motion of the two fixed based manipulators while manipulating
a rigid object inside a water tank.
• SWIMMER 1999-01 [Evans et al., 2001]: It was a hybrid AUV/ROV
intervention system, where an AUV shuttle transports an intervention
ROV to the subsea. SWIMMER was able to autonomously transit to
the seafloor and dock to a subsea cradle based docking station. Once
the vehicle was docked, the transported ROV was deployed and the
intervention was carried out in a conventional teleoperated way.
• ALIVE 2001-04 [Evans et al., 2003]: The ALIVE vehicle was equipped
with two hydraulic grippers for docking in a subsea intervention panel
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using an imaging sonar and a manipulator arm. It has been reported
as the first AUV able to autonomously carry out a manipulation action
consisting in opening/closing a valve in a subsea panel.
• SAUVIM 1997-09 [Marani et al., 2009]: SAUVIM focused on the free
floating manipulation concept and demonstrated accurate navigation
and station keeping being the first project to demonstrate autonomous
recovery of an a priori known object. The object was endowed with
artificial landmarks and the robot autonomously located it and hooked
it with a recovery device while hovering.
• TRIDENT 2010-13 [Sanz et al., 2013]: TRIDENT project proposes
a new methodology to provide multipurpose dexterous manipulation
capabilities for intervention operations in unknown, unstructured and
underwater environments. In the TRIDENT project, a multipurpose
generic intervention is composed of two phases. In the first phase,
the I-AUV is deployed for surveying a given region of interest on the
seabed and build an image photo-mosaic. The target of interest is then
identified on the mosaic and the manipulation action is specified by
means of a suitable user interface. After that, during the second phase,
the I-AUV navigates close to the identified target, localizes it and
executes the intervention mission, doing all of that in an autonomous
manner.
• PANDORA 2012-15 [Lane et al., 2012]: The aim of the PANDORA
project is to extend the range of tasks that can be carried out autonomously and increase their complexity while reducing the need for
operator assistances. Dynamic adaptation to the change of conditions
is very important while addressing autonomy in the real world and not
just in well-known situations. The key of PANDORA is the ability to
recognize failures and respond to them, at all levels of abstraction.

In summary, to the best of authors’ knowledge, grasping and manipulation remain open research problems, and this situation becomes drastically
worst in underwater scenarios, due to the difficulties arose under the very
hostile underwater conditions. Only a few commercial robots, mainly specialized for very specific and limited operations, and mostly used in the
offshore industry, have been endowed with grasping and manipulation capabilities. Related with research projects, only some of them have demonstrated reasonable performance in sea trials.

1.2. Context
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1.2 Context
The research of this thesis has been conducted in the Interactive and Robotic
Systems Lab (IRSLab) at the Jaume I University of Castellón. During last
decade, the group has been mainly working in the autonomous underwater
robotic manipulation topic, publishing papers such as [Prats et al., 2012e],
[Sanz et al., 2013].
Moreover, the research group also studies other fields of work very related
with the underwater manipulation. The group is developer and maintainer
of one of the most used underwater simulator, the UWSim [Prats et al.,
2012c], which has been an essential tool for testing all the software before
it is used in the real systems. In order to facilitate the control of the IAUVs, some works related to human robot interfaces have been developed
[Garcia et al., 2010] [Garcia et al., 2015]. In the field of vision, the group
is working in dehazing underwater images using deep learning [Pérez et al.,
2017]. In [Fornas et al., 2016], the best grasping pose is extracted from a
point cloud obtained through a stereo camera. Free floating control of an
AUV is studied in [Fernández et al., 2015]. And a new field of research is the
wireless underwater communication, some preliminary results are shown in
[Centelles et al., 2015] [Rubino et al., 2017].
The work presented in this thesis falls completely in the main field of
the group, the autonomous underwater robotic manipulation. But, in order
to improve in this general topic, other more specific topics have also been
studied. Some of them are 3D reconstruction, vision, grasp planning, robot
kinematics, etc.
Prior to the beginning of the thesis and during the course of it, the
IRSLab have been involved in several projects which main goal was to perform an underwater intervention using an I-AUV. Some of the improvements achieved during the thesis have helped to the proper development
the projects. A brief description of them can be found below and an image
of each experimental validation in the Fig. 1.2:
• RAUVI: Reconfigurable AUV for intervention missions (DPI200806548-C03) funded by the Spanish Ministry. The main goal of the
project is to develop and improve the necessary technologies for autonomously performing an intervention mission in underwater environments. Detection and hooking of a black-box mock-up using and
I-AUVI was successfully proved 1 .
• FP7 EU TRIDENT: Marine robots and dexterous manipulation for
enabling autonomous underwater multipurpose intervention missions(FP71
Video of the RAUVI final experiment https://www.youtube.com/watch?v=ha9_
vMAnWyQ
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Figure 1.2: Sea trials on the RAUVI (top left), TRIDENT
(top right), TRITON (bottom left) and MERBOTS (bottom right) projects.

ICT-2009-248497) funded by the European commission. This project
proposes a new methodology to provide multipurpose dexterous manipulation capabilities for intervention operations in unknown, unstructured and underwater environments. Dexterous autonomous grasping of a black-box mock-up using free-floating manipulation was demonstrated 2 .
• TRITON: Multisensory based underwater intervention through cooperative marine robots (DPI2011-27977-C03) funded by the Spanish
Ministry. The project is focused on the development of technologies
really close to the real needs of the final user, facilitating the potential
technological transfer of its results. The test bed for this project was
an experimental validation in an intervention panel where the vehicle
autonomously docked and manipulated a valve and hot stab in pool
and sea conditions 3 .
• MERBOTS: Multifunctional cooperative marine robots for intervention domains (DPI2014-57746-C3) funded by the Spanish Ministry.
2

Video of the TRIDENT final experiment https://www.youtube.com/watch?v=
2qf7ukrUcCc
3
Video of the TRITON final experiment https://www.youtube.com/watch?v=
xA2SGLi5TYg

1.3. Aims and Scope
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This project aims to use multirobot cooperation and multimodal systems to perform archaelogical interventions in a safer and cheaper way.
The case of study for this project is the autonomous cooperative localization, unearthing and grasping of an amphora located in the sea
floor 4 .
Additionally, the work showed in the thesis was benefited by two stays of
three months. The first one was carried out in the Ocean System Laboratory
(OSL) at the Heriot Watt University (Endiburgh, UK) under the supervision
of the Professor Yvan Petillot. The second one was accomplished in the
German Research Center for Artificial Intelligence (DFKI) at the University
of Bremen (Bremen, Germany) under the supervision of the Doctor Peter
Kampmann.

1.3 Aims and Scope
As mentioned in the introduction, the goal of this thesis is to study the
problems related with the autonomous grasping of unknown objects in underwater scenarios. These problems have been separated in three groups
plus an additional group in charge of improving the reliability of the intervention (see Fig. 1.3). For each group, solutions which suppose an advance
on the state of the art have been proposed. Taking into account the context
of the thesis it is of utmost importance that the proposed methodologies
could be easily adapted to work in any kind of manipulators and be directly
used in an I-AUV.
A brief description of the objectives proposed for each of the groups can
be read below:
• Scene reconstruction: Before starting a grasping, it is needed to
obtain as much information as possible about the object of interest.
Consequently, an approach for reconstructing the scene where the object is located, in an autonomous way is the main contribution of this
objective.
• Grasp planning: After the reconstruction of the scene, a plan for
properly grasping the target must be programmed. The goal of this
objective is to develop a methodology for detecting the object in the
point cloud of the scene, approximate its real dimensions from its
partial reconstruction and defining the best feasible pose for grasping
it, taking into account the characteristics of the manipulator.
4
Video of the MERBOTS final experiment https://www.youtube.com/watch?v=
1xECxNb0-dQ
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• Grasp execution: Once the pose for grasping the object is defined,
the manipulator must autonomously reach this pose at the same time
that different tasks are accomplished. To do so, a framework able to
control the movements of the system is developed.
• Improving reliability: During the movements of the manipulator, it
is of paramount importance to control that these are the correct ones
and readdress them if needed. This objective focuses on the design of a
toolbox able to monitor the manipulator state and assure an expected
behaviour.

1.4 Outline
The different topics introduced in this thesis are presented in 7 chapters
structured as follows.
In Chapter 2 a methodology for reconstructing an underwater scene is
presented, together with an algorithm for optimizing the process of reconstruction. This methodology have been compared with other 3D reconstruction techniques.
Chapter 3 describes a kinematic control framework for redundant robots,
that integrates the treatment of multiple tasks, multiple kinematic chains,
different joint priorities and hard constraints.
An algorithm that estimates the best feasible pose to grasp an unknown
object is shown in the Chapter 4. Three experiments demonstrate the
suitability of the algorithm.
A methodology for guiding the manipulator end-effector to a desired
pose and then grasping the object is presented in Chapter 5. The results
obtained using the methodology in a real system are also shown.
Chapter 6 describes two algorithms for detecting error in the trajectory
followed by the arm and correct them. Both algorithms have been tested
and the results are also presented.
Finally, conclusions and future work are detailed in Chapter 7 summarizing the work developed in the thesis.

1.4. Outline

Figure 1.3: Flowchart of an autonomous underwater grasping intervention. This is divided in three phases
(blue) which has as a result the object grasped
(yellow). Two of the phases require the use of the
I-AUV (orange) to be performed. At the same
time, the I-AUV movements have to be monitored to detect errors and correct them (pink).
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2

Scene Reconstruction
This chapter presents an approach for autonomously reconstructing an underwater scene in real time. The approach uses a robotic manipulator with
a laser projector and a monocular camera attached at the forearm. Through
the movement of the arm, the scene is scanned by the laser. At the same
time the camera is taking pictures of the scene projected by the laser. The
laser peaks that appear in the images are detected and their 3D position
is estimated, obtaining, in this way, a point cloud of the scene (see Fig.
2.1).The approach has been tested in a simulator and using a real system.
The results have been compared with other 3D reconstruction techniques in
underwater scenarios.
Along with this approach, an algorithm for optimizing the process of
reconstruction has also been presented. This algorithm takes advantage of
the limited zone of interest for the manipulation procedure, to reduce the
time spent in detecting the laser peaks on the images.
The proposed approach have been published in international conferences.
Concretely, in [Peñalver et al., 2015a] the approach was firstly presented and
some simulated results demonstrated its effectiveness. In [Peñalver et al.,
2017], experiments using a real system were shown.

2.1 Motivation
As was mentioned in the Introduction, the behaviour of an I-AUV and an
AUV differs when the vehicle is close enough to an object of interest. In
that moment and, previous to the manipulation, it is necessary to find out
some characteristics of this object, specially whether it is unknown. Some
of those characteristics are position, size, shape, etc. If the acquisition of
the information about the object is not accurate enough, the probability of
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Figure 2.1: Flowchart of an autonomous underwater grasping intervention. The first of the phases of the intervention consists on reconstructing the scene.
This phase is composed by three subphases
(green). First the scene is scanned using a laser,
then the laser peaks are detected and finally
these detections are triangulated to obtain a 3D
point cloud.
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obtaining a suitable grasping plan decreases dramatically and with it, the
likelihood of performing the grasping successfully.
For that reason, a good reconstruction of the target is a crucial part
of the autonomous manipulation. Furthermore, this reconstruction must be
accurate and as complete as possible.

2.2 State of the Art
A large number of underwater applications require high resolution and accurate 3D reconstruction for underwater objects. Archaeological and biological applications, intervention tasks or industrial facilities inspections are
just some examples. In these applications, sensors have to work at short
distances to obtain 3D information of an object accurately.
Different methods exist for obtaining 3D information in these situations.
They can be generally classified according to the sensor used.

2.2.1 Sonar
Sonar, an acronym for sound navigation and ranging, is a technique that
uses sound propagation to navigate, communicate with or detect objects on
or under the surface of water. There are two general methods of using sonar,
passive and active.
Passive sonar are used primarily to detect acoustic signals in an underwater environment. Passive sonar does not emit its own signal, its purpose
is to detect the acoustic signals emanating from external sources. This kind
of sonar cannot be used for obtaining 3D reconstructions.
Active sonar transducers emit an acoustic signal or pulse of sound. If an
object is in the path of the sound pulse, a portion of the sound is reflected
back to the sonar transducer. Then, by determining the time between the
emission of the sound pulse and its reception, the transducer can determine
the range and orientation of the object.
Sonar-based approaches are the most extended because acoustic devices
do not suffer from turbidity. They have been extensively used for underwater 3D mapping. Some examples are, the generation of a 3D map of the
American Samoa [Lundblad et al., 2006], the Olympic Coast National Marine Sanctuary [Intelmann, 2006] or the Geisha Guyots [Vogt and Smoot,
1984].
However, acoustic approaches cannot obtain as high resolution and accuracy as optical approaches. Thus, the optical ones are more suitable for
short-distances operations [Massot-Campos and Oliver-Codina, 2015]. Only
in a few works a sonar device has been used for reconstructing small objects.
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One of the first work was [Rosenblum and Kamgar-Parsi, 1992], where
using low-resolution data provided by a 3D imaging sonar of that time, small
objects were reconstructed obtaining accurate size and positional information, but not as good results were achieved regarding the shape.
A sequence of sonar images are used to estimate the three dimensional aspects of underwater objects in [Zerr and Stage, 1996]. The data are recorded
by a sector scanning sonar, carried by an underwater vehicle which follows
a circular track around the object.
Using the objects shadows in a sonic image, in [Aykin and Negahdaripour, 2013], the 3D reconstruction of an hemi-cylinder (concave and
convex side) and an hemi-sphere rock is obtained.
In [Guo, 2013], an approach for reconstructing a scene using a single
beam sonar is tested in a pool by obtaining the model of a 60x40x30 cm
cube.
In [Negahdaripour et al., 2009], they studied the 3D reconstruction of
underwater objects by opti-acoustic stereo imaging, it means by combining
imaging sonars with conventional cameras.

2.2.2 Structure from Motion
This method consists of taking images of an object or scene using a monocular camera. Then, some features are extracted from the camera shots. These
features are matched between consecutive frames with the goal of calculating the 3D relative camera trajectory. Knowing the pose of the camera when
each photo was taken, by means of triangulation methods, the 3D reconstruction of the object or scene can be calculated.
These kind of methods only need a still camera or a video recorder for
working, which makes them a much cheaper approach than acoustic ones.
Other advantages with respect to sonar are, as was said before, the higher
accuracy they provide, and even in some cases, the possibility of obtaining
color information.
Otherwise, this method is not useful in turbid waters, on untextured
floors or in the darkness. Even increasing the light with artificial methods
could only worsen the situation since the light is strongly backscattered by
the suspension particles in the water [Wang et al., 2000]. Another drawback
is that images need to be postprocessed to obtain the 3D reconstruction.
There are a large variety of works where structure from motion is used to
reconstruct scenes with small objects. And the accuracy obtained in most of
them could be enough for performing grasping interventions. Some of these
works are named hereinafter.
In [McKinnon et al., 2011], a high resolution camera, 2272x1704 pixels,
together with the SURF features extractor method have been used to re-
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construct a piece of coral, obtaining an accuracy of 0.7 mm at distances
between 1 and 1.5 meters.
In [Cocito et al., 2003], they describe a method for accurately measure
the volume, surface area and other morphometric measurements of biological
objects. The method has been tested using images captured by divers which
always contain a cube to recover scaled 3D data. The accuracy achieved is
around 1 cm.
A framework for structure recovery using video sequences was described
in [Nicosevici et al., 2009]. SIFT features extractor was used with an average
error of 11 mm.
The documentation of an archaeological site where experimental cleaning operations were conducted is shown in [Bruno et al., 2013]. A commercial software, Photoscan by Agisoft, was used to perform a multi-view 3D
reconstruction with an average accuracy of 4.5 mm.
A new refractive structure from motion algorithm that takes into account
the refraction of glass ports in water was presented in [Jordt-Sedlazeck and
Koch, 2013]. By considering the refraction coefficient between the air-glasswater interface, the results can be improved.

2.2.3 Stereo Vision
This method follows the same working principle as structure from motion,
but in this case, the camera has only two frames which take pictures at
the same time. Thus, the features are only matched between left and right
frames. Once the stereo rig is properly calibrated, the relative position of
one frame with respect to the other is known, and therefore, the 3D position
of the features can be triangulated.
Stereo vision is as cheap as the Structure from Motion method, and
thanks to the fact that the relative distance between the two images is fixed
and known, the accuracy obtained is even higher. Another advantage is that
the reconstruction can be done in real time. It is not needed to move the
camera for getting a reconstruction of a scene.
Same as in the Structure from Motion methods, this approach is not the
most appropriated in turbid waters, untextured scenarios or dark places.
Another drawback could be that the reconstruction is only done from one
point of view, leaving larger parts of the target unreconstructed.
Nowadays, this method is the most used for reconstructing small objects
in scenarios with good texture and well illuminated. Some examples are
briefly detailed below.
A system which consist of an inexpensive underwater stereo camera, a
turn table and a personal computer have been built in [Kumar and Kumar,
2011] to reconstruct 3D models of underwater objects. This system is robust
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under illumination changes thanks to the use of SIFT features.
Commercial GoPro cameras are used to set a 35 mm baseline stereo
rig in [Schmidt and Rzhanov, 2012]. With this system, they perform micro
bathymetry using SIFT features and they achieve a resolution of 3 mm in
their reconstructions.
A method for underwater localization and mapping for detailed inspection tasks was explained in [Servos et al., 2013]. This work demonstrates
that stereo SLAM results for underwater applications can be improved by
accounting for refraction in the stereo matching and SLAM algorithms.
In [Brandou et al., 2007], the stereo system IRIS is hung from the tip
of the arm of the Victor6000 ROV. The system uses SIFT combined with
RANSAC to discard outlliers. In order to test the system, small-scale natural
underwater objects have been reconstructed.
A low-cost stereo system is used to make accurate in situ measurements
of fishes in [Costa et al., 2006]. A neural network is built to correct the
measurements obtaining errors lower than 1 cm.

2.2.4 Structured Light
This system is based on a camera and a color projector. The projector casts
a known pattern on to the scene, normally a set of light planes. Then, the
way that this pattern is deformed when striking surfaces is used by the vision
system to triangulate the depth and surface of the objects in the scene.
This method is also a cheap alternative. Furthermore, it can work on
untextured grounds on short distances. It gets good accuracy even in the
darkness. And the projector can emit in the wavelengths that are less absorbed by the water and thus decrease the scattering coefficient.
The main drawbacks come from the election of the projected pattern.
If this pattern is simple, it is needed to move the projector in order to
project the whole scene, producing a time consuming. On the other hand,
if the pattern is complex, the identification of different pattern regions on
the images becomes ambiguous so that the correspondence problem is not
directly solved.
Despite this, the structured light is the method that better fits with
the problems that appear in underwater scenarios. Some works where this
approach has been used, are hereinafter explained.
A laser line has been mounted onto a servomotor that can rotate 45
degrees in [Hildebrandt et al., 2008]. Then a 640x480 pixels of resolution
camera records the scene whilst the laser scans the scene. Calibration is
made in this article with a novel rig consisting of a standard checkboard
next to a gray surface on one side. This is because they explain that laser
is better detected on gray surface.

2.3. Multi-View Laser Reconstruction
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In [Kondo et al., 2004], a sheet laser beam has been attached to the
Tri-Dog I-AUV. They scan the floor by moving the vehicle, achieving a
resolution in their 3D reconstructions of 40 mm at three meter from the
floor. They also use the system for governing the robot. They track the
images in real time to keep a safe distance from the seabed.
The authors of [Caccia, 2006] mounted a camera and a vertical laser
stripe in a translation stage. 3D information is interpolated from a data table
previously acquired from calibration. Even though a laser peak is detected
in the image, its depth value is calculated from the four closest points in the
calibration data.
In [Massot-Campos et al., 2015], the authors designed a laser-based
structured light system which uses as a pattern 25 parallel lines. In one
camera shot, this solution is capable of recovering sparse 3D information,
whilst with two or three shots, denser information can be obtained. The
system is targeted at underwater autonomous manipulation stages where a
high density point cloud of a small area is needed.
A fixed camera has been mounted to the AUV Girona 500 frame and a
laser stripe on an underwater manipulator carried by the vehicle in [Prats
et al., 2012b]. The laser scans the scene by moving the arm, and at the same
time the camera records the scene. The images recorded are used to obtain
a point cloud. This is used to determine the target grasping points. The sea
bottom is tracked to estimate the robot motion during the scanning process,
so small misalignments between the data can be compensated.

2.3 Multi-View Laser Reconstruction
The first of the goals of this thesis is to develop a methodology to autonomously reconstruct an underwater scene where an object of interest is
located. The object is supposed to be close enough to the I-AUV to be manipulated without moving the vehicle. Moreover, the reconstruction should
be as accurate and complete as possible.
The choice of a proper device to perform the reconstruction is vital
for achieving this goal. The vehicle is close to the target, thus the level of
scattering and absorption could be high. Moreover, if the object is placed
at a depth not reachable by sun light, the scene could be completely dark.
If the worse cases are taken into account, the structured light device
would be the best option because it performs well with poor visibility if the
target is close to the system.
Concerning the structured light devices, it is also important the pattern
that is projected on the scene. Complex patterns have the advantage of
allowing a non dense reconstruction in just one shot, but the scattering
effect increases because of the wider water illuminated. Another drawback
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Figure 2.2: Eye-in-Hand configuration to autonomously reconstruct underwater scenes.

could be the complexity of the process of matching the illuminated pixels
with the projected pattern, in order to obtain its 3D positions. On the other
hand, with a simple straight line, it is needed to scan the whole scene. This
process is more time consuming but the obtained point cloud is much more
dense.
The last important topic to think about, is the color of the projected
light. The color spectra between blue and green is the optimum to avoid
absorption and backscattering.
For our approach, a green laser that projects a straight line has been
used. This laser is placed on the forearm of the robotic arm. So, moving the
arm, the laser light scans the scene like in [Prats et al., 2012a]. The novelty
of this approach is in the position of the camera. It has been placed on the
forearm of the robotic arm (eye-in-hand configuration, see Fig. 2.2). Using
this new approach both the camera and the laser projector are moved with
the arm during the scan of the scene. Up to now, the cameras were placed
in a fixed position while the reconstruction, having all the time the same
point of view.
With this approach, the object could be reconstructed from different
point of views, obtaining a more complete 3D model. Another advantage is
that using the arm, the camera can be closer to the object than in the usual
approaches, obtaining more precision in the reconstruction and avoiding
even more the problems of scattering and abortion.
Hereinafter, the process for obtaining a 3D reconstruction of a scene
using this methodology is detailed.

2.3. Multi-View Laser Reconstruction
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2.3.1 Calibration
A good calibration of the whole system is a crucial step for an accurate
reconstruction. A little error in the calibration of any of the parts of the
system, could lead to a big error in the position of each point of the 3D point
cloud that represents the scene. In the proposed calibration methodology,
which consists on three stages, an external stereo camera is needed.
1. In the first stage, the intrinsic and extrinsic parameters of the stereo
and the eye-in-hand camera (S Meye ) are obtained using a checkerboard pattern [Svoboda et al., 2005].
2. In the second stage, an ARmarker is placed in a known position of
the gripper, thus its position with respect to the end-effector of the
gripper can be easily calculated (M ME ). Knowing that, the marker is
detected by the stereo camera using the ARToolkit library [Kato and
Billinghurst, 1999] and its pose with respect to the stereo camera is estimated (S MM ). Using then the three already calculated transformations, the transformation between the end-effector and the eye-in-hand
camera can be obtained as follows: E Meye = (S MM ∗M ME )−1 ∗S Meye .
3. For the third stage, the laser needs to be switched on. Then, a picture is
taken using the stereo camera. The two images obtained are processed,
in order to leave only the pixels where the laser is seen. Next, the 3D
position of the parts of the scene projected by the laser is obtained
by triangulation. This process needs to be done adding and removing
objects in the scene. Doing that, we obtain 3D points that belong to
the laser plane. All these 3D points are added to the same point cloud
and then, the RANSAC algorithm is used to determine the planar
parameters of this laser plane [Inglis et al., 2012]. These parameters are
referenced to the stereo camera. But using the transformation between
the end-effector and the stereo camera (S ME = S MM ∗ M ME ), it is
possible to reference this plane to the end-effector.
To sum up, after the three stages, the intrinsic parameters of the eye-inhand camera has been calculated and the transformations between both
camera and laser, with respect to the end-effector, have been obtained
(E ML , E Meye ).

2.3.2 3D Reconstruction
Once the system is fully calibrated and ready to start the reconstruction, the
robotic arm is moved at a constant velocity following a predefined trajectory.
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At the same time, the eye-in-hand camera captures images of the scene
projected by the laser.
In order to extract the 3D information of the scene using those images,
it is necessary to find out the pixels which are illuminated by the laser.
Then, the 3D position of each pixel is triangulated taking into account the
transformations between the different parts of the system in the moment
the images were captured.
Laser Peak Detection
The process of detecting which pixels of an image are illuminated by a laser
is commonly known as Laser Peak Detection.
In our methodology, the image is converted from RGB to HSV color
model. Then, the pixels which are out of a predefined threshold of huge,
saturation and value, are discarded (this threshold has been obtained experimentally). Next, four operations are applied over the thresholded image.
These operations are: erosion, dilation followed by dilation and erosion. With
these operations, the pixels detected as laser which are far from other pixels
detected are discarded, i.e. the outliers are removed.
Due to the fact that the laser pattern is a straight line and that the
eye-in-hand camera is placed parallel to that line, there can just be a point
illuminated by the centroid of the laser at each column of the image. Thus,
for each column, the pixel, which is into the threshold, with the highest
intensity is selected. Then, the center of masses algorithm [Forest et al.,
2004] is applied to this pixel together with the five pixels above and below
it. Using it, the pixel illuminated by the centroid of the laser is obtained
with a subpixel accuracy (see Fig. 2.3).
3D Triangulation
Once the pixels illuminated by the centroid of the laser are detected, their
3D position must be calculated. For that, a methodology similar to the
proposed in [Prats et al., 2012a] is used.
After a properly calibration of the system the images given by the camera
are undistorted. So, a pixel with row and column coordinates r and c, defines
a line in projective coordinates given by the column vector:


c − c0 r − r0
l = (lx , ly , 1) =
,
,1
(2.1)
px
py
Being c0 , r0 , px and py , the camera intrinsic parameters, i.e. the principal
point in pixels and the focal length to pixel size ratio. If a pixel in the image
belongs, in addition, to the projected laser plane, the intersection of the
camera ray with the laser plane gives the 3D coordinates of the point. The
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Figure 2.3: Image recorded by the eye-in-hand camera during the reconstruction. The red points inside the
green laser, are the pixels illuminated by the centroid of the laser.

line defined by the camera ray can be expressed with its parametric equation
as:
P = (X, Y, Z) = λl
(2.2)
If, in addition, a 3D point, P, belongs to the laser plane, it holds that:
(P − P0 )T n = 0;

(2.3)

where n is the plane normal given in camera coordinates, and P0 is a 3D
point that belongs to the plane. Merging equations (2.2) and (2.3) leads to:
λ=

P0 T n
lT n

(2.4)

and the final 3D coordinates of the point are given by P = λl.
In order to compute these equations, it is necessary to know the laser
plane equation with respect to the camera (given by the point P0 and a
normal n), which was obtained in the calibration process.
With that methodology, the 3D positions of the points are related to
the camera (eye MP ), but with the eye-in-hand approach, the camera is in
continuous movement. In order to be able to join all the obtained 3D points
in the same point cloud, those positions must be related to a fixed frame.
The base of the arm could be a good frame to refer the points because it
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is fixed during the reconstruction, and knowing the joint values of the arm
in the moment the image was captured and using the Direct Kinematics of
the arm, it is easy to refer the point to the base (B MP ).
B
B

ME = DK(q0 q1 ...qn )

(2.5)

MP = B ME E Meye eye MP

(2.6)

2.4 Optimization
Due to the limited memory capacity on the usual computers used in the IAUVs, in most cases it is not possible to record all the captured images and
to process them afterwards. So, when an image is captured, it is processed
immediately, and the next images are discarded until the process is complete.
It means that the more time you spend extracting 3D information from one
image, the less dense your final 3D point cloud will be.
Moreover, the aim of the reconstructions proposed is to discover the
characteristics of an object that is desired to be manipulated, and it is
supposed that the object is inside the arm workspace. It means that the
part of the scene out of this workspace is not important. It is even desirable
that the system does not reconstruct that part in order to avoid outliers
and to keep the final point cloud as lightweight as possible without losing
any detail of the target.
In order to reduce the time of processing the images and taking into
account the aforementioned, a method to optimize the reconstruction has
been developed. This method consists on calculating the pixels of the image
which can be discarded because, in case they are illuminated by the laser,
the part of the scene illuminated is out of the workspace of the arm (see Fig.
2.4). As a result, the images given to the laser peak detector are smaller and
therefore their processing is faster.
Before the beginning of the intervention, the user must introduce two
parameters: (1) The max radius which is the radius of the smallest sphere
that wraps all the arm workspace, having as a center the base of the arm,
and (2) the min radius which is the radius of the bigger sphere with the
base of the arm as a center, which does not intersect with any part of the
arm workspace.
The optimization takes as input the image that needs to be processed.
Then for each column of the image three steps are applied.
1. The finality of the first step is to find the line which is the intersection
between the laser plane and the plane which crosses the center of
projection of the camera and the pixels of the column that is being
processed. For this, two pixels of this column are selected and using
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Figure 2.4: Time optimization method for extracting 3D information from an image.

the 3D Triangulation algorithm explained in the last section, the 3D
positions of the two points that would be illuminated by the laser and
seen in these pixels are calculated. These two points (P1 , P2 ) belong
−−−→
and define (L1 = P1 P2 ), which is the line we were looking for.
2. The second step consists in calculating the intersection point between
L1 and the two spheres with center the base of the arm and with
radius max radius and min radius. Being A = (Ax , Ay , Az ) and B =
(Bx , By , Bz ) two points that belong to a line, C = (Cx , Cy , Cz ) the
center of a sphere and r its radius, the intersection points between the
line and the sphere can be calculated by:
a = (Bx − Ax )2 + (By − Ay )2 + (Bz − Az )2

(2.7)

b = 2((Bx − Ax )(Ax − Cx )+
(By − Ay )(Ay − Cy )+

(2.8)

(Bz − Az )(Az − Cz ))
c = (Ax − Cx )2 + (Ay − Cy )2 + (Az − Cz )2 − r2

(2.9)

δ = b2 − 4ac

(2.10)
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d=



6 ∃

−b
 2a √

−b± δ
2a

if δ < 0
if δ = 0

(2.11)

if δ > 0

intersection point = (B − A)d + A

(2.12)

So, using the points obtained in the last step (P1 and P2 ), the radius
introduced by the user and being the center of the spheres the base
of the arm, the intersections between L1 and the two spheres can be
calculated.
3. In the third step, it is calculated in which rows of the image the points
obtained in the previous step would be seen. For each sphere, there
may be two intersection points, in this case, the point that is placed
behind the camera is discarded. In order to obtain the rows for the
two points, the equations (2.1) and (2.2) are merged:
 





c−c
 λ px 0 
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 Y  = λ r−r0 
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Z
λ

(2.13)

And then, the row is given by:
r=

Y py
+ r0
Z

(2.14)

Once the two rows for each column are calculated, the pixels which are
not between these two rows are discarded and the resultant image is sent to
the Laser Peak Detector algorithm.

2.5 Experimental Results
In order to validate the functionalities of the algorithms previously described, some experiments have been performed. The multi-view laser reconstruction approach, have been firstly tested using a simulator. After demonstrate that the methodology performs successfully in simulation, a real system has been configured to reconstruct real objects using this method. In
both cases, the obtained results have been compared with reconstructions
performed using other approaches. Finally, the time improvements reached
by the optimization algorithm have also been shown.
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Figure 2.5: ARM 5E with a stripe laser projector during a
scan (top); Image recorded from the fixed camera (left). Image recorded from the eye-in-hand
camera (right)

2.5.1 Simulated Multi-View Laser Reconstruction
First of all, the proposed algorithm has been tested using the underwater simulator UWSim [Prats et al., 2012c]. UWSim is a software tool for
visualization and simulation of underwater robotic missions. The software
visualizes an underwater virtual scenario that can be configured using standard modelling software. Controllable underwater vehicles, surface vessels
and robotic manipulators, as well as simulated sensors, can be added to
the scene and accessed externally through network interfaces. This allows
to easily integrate the visualization tool with existing control architectures.
In order to simulate our methodology, it is needed to load in the simulator a model of a robotic manipulator, a laser stripe projector and a camera.
The manipulator is the light-weight ARM5 [Fernández et al., 2013]. The
projector simulates a stripe pattern which consists of a green rectangle of
1024 pixels wide and 10 pixels high. And the camera has a resolution of
640x480 pixels. Both the camera and the laser have been attached to the
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Figure 2.6: Reconstruction of two objects: black-box and
amphora (left to right). Original model, fixed
camera and multi-view approach (top to bottom)

forearm of the manipulator as is indicated in the Fig. 2.2.
An extra camera has been placed at the base of the robotic arm facing
downwards. This is a 1024x768 pixels camera. This camera is used to simulate the usual laser reconstruction approaches, where the camera is fixed
during the scan.
In the Fig. 2.5, a simulated scene together with a picture taken from the
eye-in-hand and the fixed camera can be seen.
Two objects have been reconstructed using both approaches (see Fig.2.6).
The first object is a black-box mockup similar to the ones that can be
found in the airplanes. Thanks to he possibility of reconstructing the box
from different point of views, using the eye-in-hand camera, even four sides
of the box can be reconstructed. On the other hand, using the fixed camera
only two sides are reconstructed.
The second object is an amphora. This object makes possible to notice
how the reduced distance between the camera and the object in the multi-
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Figure 2.7: Real system configuration for testing the reconstruction approaches.

view approach, increases the accuracy of the final reconstruction.It is also
worth noting how even the handle of the amphora has been properly reconstructed. For reconstructing this thin part accurately, it is required both,
to get the camera close to the handle and to reconstruct it from different
views.

2.5.2 Multi-View Laser Reconstruction in a Real System
Once the correct behaviour of the methodology has been checked in a simulator, it is time to test it using a real system. Like in the simulation, a manipulator (Light-weight ARM5E, previously cited), a laser projector (MKIII
[Tritech, ]) and a monocular camera (Bowtech DiveCam [Bowtech, ]) is required, in addition, a fixed stereo camera (Videre Stereo Camera [Videre,
]) is used for comparing different approaches (see Fig. 2.7). The monocular
camera is a 640x480 pixels camera which has been attached together with
the laser at the forearm of the manipulator. The stereo camera has also a
resolution of 640x480 pixels and it has been placed at the base of the arm.
The whole system has been introduced in a water tank (see Fig. 2.7).
In this case, three methods of reconstruction have been used. the first
one is the multi-view laser reconstruction approach. In the second one, the
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laser also scans the scene but the camera used for capturing the images is
one of the frames of the stereo camera, which means that the camera is fixed
during the scanning. And the last one is the stereo reconstruction approach,
explained in the section 2.2.3.
The reconstruction of four objects using the three methods can be found
in the Figs. 2.8 and 2.9.
The first object is an amphora with a broken part (see Fig.2.8). The
multi-view approach makes possible to reconstruct even inside the hole of
the amphora. So, the reconstruction gives more information about the real
shape of the object. Moreover, the accuracy obtained with the eye-in-hand
camera is higher than using the stereo camera.
The second object is a black-box mockup (see Fig.2.8). As in the simulated experiments, attaching the camera to the manipulator makes possible
to reconstruct more sides of the black-box. This object also shows how the
structured light approaches work better than other approaches in objects
low textured.
The third object to reconstruct is a big amphora (see Fig.2.9). This
object is well reconstructed using the three methodologies, but the multiview one brings a higher accuracy and a more complete reconstruction.
Finally, a small amphora has been reconstructed (see Fig.2.9). This amphora is quite difficult to reconstruct, due to its size, unless the camera is
placed really close to the object. This is easier to achieve when the camera
is at the arm because it is always less dangerous to move the arm to the
object than moving the whole vehicle.

2.5.3 Optimization Test
Finally, the improvements offered by the optimization algorithm has been
demonstrated. For that, the time used for detecting the laser peaks without
using the algorithm and using it have been measured.
The experiments have been performed in the UWSim simulator. They
consists on scanning a scene using different camera resolutions and different
reconstruction limits. Then, during the scans, the time inverted in detecting
the laser peaks have been accumulated. This time also includes the time
used by the optimization algorithm discarding the pixels which are out of
the defined workspace, in case the limits are defined.
In order to compare the results, the accumulated times have been divided
by the number of images reconstructed in each scan. Thus, the average time
consumed for detecting the laser peaks in one image have been illustrated
in the next graphic (see Fig. 2.10).
The figure demonstrate that the optimization algorithm reduce the time
spent in detecting the laser peaks. As it was expected, the lower the range

2.6. Conclusions

29

between limits is, the more time saved detecting the laser. But, it is also
remarkable that even when the limits are distant and the camera resolution
is low, the use of the optimization algorithm never increases the time of
detecting the laser peaks.

2.6 Conclusions
Previous to an autonomous underwater grasping of an unknown object, it
is required to obtain as much information as possible about this object. To
do so, reconstructing the scene where the object is located is the first step.
This chapter has presented a new approach to autonomously obtain an
accurate and complete 3D reconstruction of an object in an underwater
scenario. The approach consists in attaching a laser stripe emitter and a
camera at the forearm of a robotic arm. While the arm is moving, the laser
scans and the camera records the scene. The fact of positioning the camera
at the arm, which is in movement during the scan, makes possible to record
the scene from different points of views and from positions closer to the
object.
A laser peak detector and a 3D reconstruction algorithms have been used
to obtain a 3D point cloud from the images captured. In order to reduce
the time of processing these images, an optimization algorithm has been
proposed.
Different shaped objects were reconstructed in a very accurate and precise manner, and the results were compared with other reconstruction approaches. Then the improvements that the optimization algorithm produces
has also been tested. From the obtained results, we can conclude that this
approach improves the state of the art in this particular context.
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Figure 2.8: Reconstruction of two objects: broken amphora
and black-box (left to right). Scene picture,
multi-view, fixed camera and stereo approach
(top to bottom)
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Figure 2.9: Reconstruction of two objects: big amphora and
small amphora (left to right). Scene picture,
multi-view, fixed camera and stereo approach
(top to bottom)
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Figure 2.10: Test of the optimization algorithm

Chapter

3

Multi-Task Priority
This chapter introduces a kinematic control framework for redundant robots.
This framework is the main contribution of the Grasp Execution phase
(chapter 5), but as it is also used in the the Grasp Planning phase (chapter
4), a specific chapter for describing the framework has been incorporated.
The framework integrates, in a unified program, the treatment of multiple tasks, multiple kinematic chains, different joint priorities and hard
constraints; that are usually addressed separately. The management of multiple tasks is based on the Reverse Priority method, that has been modified
so that it makes possible the assignment of different priorities to each joint
in order to accomplish any task. This framework is also suitable for robotic
systems with multiple kinematic chains, which could share several joints.
Moreover, it can deal with bilateral and unilateral joint and Cartesian constraints, that are considered at each task priority level.
The framework description has been published in [Peñalver et al., 2018].

3.1 Motivation
The ability of robots to perform dexterous tasks is highly related to the
redundancy of the system. Kinematic redundancy occurs when a robotic
manipulator has more degrees of freedom than those strictly required to
execute a given task. Redundancy introduces additional complexity to the
system but, if properly managed, it may be used to avoid singularities, joint
limits, obstacles, etc.
I-AUVs redundancy must be properly controlled to allow the manipulator to reach a desired pose without exceeding any limit and, if it is possible,
fulfilling a set of tasks with different priorities.
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3.2 State of the Art
The robot operations are usually specified in the task space indicating their
location and pose, but the manipulator is naturally described in the joint
space. The objective of inverse kinematics (IK) is to compute the joint
space variables that must be commanded to the manipulator in order to
accomplish the assigned task [Siciliano and Khatib, 2008]. In a first-order
differential kinematics, the relationship between the task space and joint
space velocities direct-kinematic is established by the task Jacobian, which
plays a central role in redundancy resolution techniques.
The simplest solution to the redundancy problem is the local inversion of
direct-kinematic based on the pseudoinverse of the Jacobian matrix [Whitney, 1969]. This solution corresponds to the minimization of the joint velocities in a least-squares sense. Since a redundant system has more degrees
of freedom than required to accomplish a given task, there exist multiple
solutions to the IK problem. Among all feasible solutions satisfying the task
requirements, the local inversion of the Jacobian provides the joint velocity
with the minimum norm [Siciliano and Khatib, 2008].
In case that other solution than the one with minimum norm joint velocity is preferred, augmented Jacobian techniques [Egeland, 1987] propose
the addition of constraint tasks that restrict the region of suitable solutions
to the IK problem. Task augmentation permits the fulfilment of additional
goals at the expense of reducing redundancy. If any added constraint task
does cause conflict with the main task might lead to the arising of algorithmic singularities, even if the original task Jacobian is full rank [Antonelli,
2014]. When the robot is very close to a singularity, the IK problem becomes
ill-conditioned. In these scenarios, the local IK solution requires high joint
velocities in order to obtain relative small task velocities. A widely used
solution to deal with singularities is based on a damped pseudoinversion
of the task Jacobian [Chiaverini et al., 1994]. The damping factor can be
chosen according to different techniques, but all of them share a common
drawback, large damping factors might produce large task errors.
Algorithmic singularities can also be handled in the framework of taskpriority strategies, where tasks are ordered according to their priority [Maciejewski and Klein, 1985]. The lower-priority tasks are only satisfied in
the null space of the higher-priority tasks. Thus, when the exact solution
does not exist, the reconstruction error only affects the lower priority tasks.
The singularity-robust IK solver method proposed in [Chiaverini, 1997] does
not enforce the execution of singular secondary tasks and thus preventing
primary tasks being affected by singularities in lower priority tasks.
The reverse priority (RP) method detailed in [Flacco and De Luca, 2014]
is based on the idea of computing joint motion contributions starting from
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the task of lowest priority and moving up to the primary task. A special
projection matrix is derived, which ensures the preservation of the correct
priority order. Not enforcing secondary tasks, as in singularity-robust IK
method, preserves task hierarchy but tasks might not execute accurately
even when it would be possible. The execution of higher priority tasks at
the end avoids possible deformations caused by singularities occurring in
lower priority tasks. The RP method allows executing at the best all tasks
while still preserving the desired hierarchy [Flacco and De Luca, 2014].
Tasks are often described as a reference trajectory for a geometric component of a robot (the Cartesian pose of the end-effector, the position of a
control point on the robot body, a joint angle, etc.). At each time instant,
a desired value for this component is specified in the form of a bilateral
(equality) constraint. However, sometimes they do not reflect properly the
desired robot operation. In many applications it is not strictly necessary to
assign a particular value to some given robot component, but it would be
preferable to specify a region to which this component should belong. This
requirement can be coded with unilateral (inequality) constraints. Unilateral constraints can be used to avoid obstacles in the workspace or take
account for hardware limitations. The treatment to this last kind of task is
more complex and an active research topic.
The current approaches for dealing with the problem of unilateral constraints in redundant robots can be divided in three groups [Flacco and
De Luca, 2015]:
• The first group of approaches takes an optimization point of view.
The unilateral constraints are transformed into linear inequality constraints at the control differential level. Quadratic programming is
used to find an optimal solution. These approaches require a high
computational cost, becoming useless for real-time robot applications
when the number of constraints increases [Kanoun et al., 2011]. In
[Simetti et al., 2014], a framework based on the solution of a sequence
of linearly constrained least-squares problems was presented. And a hierarchical method was used in [Escande et al., 2014]. Both approaches
offer a significant reduction of computational cost.
• The second group of approaches transform unilateral constraints on a
robot component into bilateral constraints at the control differential
level [Chaumette and Marchand, 2000], [Mansard et al., 2009], [Flacco
and De Luca, 2015]. These tasks are only activated when a component
is close to its range limit, but a smooth evolution of the joint commands during the activation phase has to be guaranteed. However,
the results obtained by these approaches are typically suboptimal, in
the sense that one unilateral constraint may be activated even if it
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not strictly needed for accomplishing the desired task. On the other
hand, the implementation of these approaches is in general simpler
and less computationally demanding than approaches included in the
first group.
• The approaches in the third group use the null space of the equality
tasks for taking into account unilateral constraints. These methods
are very common thanks to their simple implementation. But, they do
not guarantee the accomplishment of unilateral tasks when they are
in contrast with the fulfilment of the equality tasks. [Liegeois, 1977]
and [Marey and Chaumette, 2010] present solutions based on a projected gradient formulation and [Chan and Dubey, 1995] on resorting
weighted pseudoinverse.

3.3 Background
A robot can be kinematically defined by its kinematic chains. At the same
time, a kinematic chain is defined by the joints and links it contains. Different kinematic chains of the same robot can share some of the joints and links.
Thus, the number of degrees of freedom of a robot system is determined by
the number of independent joints the robot has.
Otherwise, the last link of a kinematic chain is known as end-effector
and most of the tasks a robot must perform consist in achieving a specific
movement with these kind of links.
For a given robot with n degrees of freedom, let q ∈ Rn be the position
of their joints and q̇ ∈ Rn their velocities. At a robot configuration, the
differential kinematics of a generic task x ∈ Rm with dimension m, being
m ≤ n, is
ẋ =

∂x
q̇ = J q̇,
∂q

(3.1)

where J = J(q) is the m × n task Jacobian matrix.
The inverse solution of the differential kinematics mapping can be obtained using
q̇ = J # ẋ,

(3.2)

where J # is the n×m Moore-Penrose pseudoinverse of the Jacobian matrix.
The obtained q̇ enjoys the minimum-norm property. However, the whole
manifold of solutions that satisfy the task can be generated as
q̇ = J # ẋ + P q̇0 ,

(3.3)
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where P denotes the n × n orthogonal projector in the Jacobian null space
and q̇0 ∈ Rn an n-dimensional arbitrary joint velocity vector.
For highly redundant systems, it would be possible to introduce multiple
tasks of different nature, and then decide an order of priority between them.
The execution of tasks of lower priority should not interfere with the execution of task with higher priority. This hierarchy is obtained by projecting
a task in the null space of all higher priority tasks. A standard method for
solving the problem is using the recursive formula [Siciliano and Slotine,
1991]
q̇p = q̇p−1 + (Jp Pp−1 )# (ẋp − Jk q̇p−1 ),
(3.4)
for p = 1, ..., l, being l the number of tasks. In order to initialize the method,
q̇0 = 0 and P0 = I. The matrix Pp is the projector in the null space of the
augmented Jacobian of the first p tasks.
However, finding a joint velocity solution that satisfies the tasks is not
enough. Robots are subject to a various sets of constraints which reduce
the space of possible motions. Thus, these constraints need to be taken into
account when calculating the best feasible solution.
Most common constraints are related to robotic joints i.e. joint limits,
maximum joint velocity and maximum acceleration. However, in some cases,
it is desirable to limit also the Cartesian movements of the end-effectors,
usually because of safety reasons.

3.4 Framework Solution
In this section, we present a new approach for solving multi-task kinematic
problems in redundant robots with one or more kinematic chains (see Algorithm 1). The approach is able to find the joint velocities that better fit
with a list of hierarchical tasks avoiding to surpass a set of previously defined joint and Cartesian constraints. For each level of the task hierarchy, it
is also possible to introduce a joint prioritization.

3.4.1 Inverse Kinematics
The Reverse Priority approach presented in [Flacco and De Luca, 2014] has
been used in the proposed framework for solving the IK problems. As was
said in the State of the Art, they propose an IK solver handling prioritized
robotic tasks. This method guarantees the task execution in the correct
priority order even when kinematic singularities appear. It is based on the
idea of calculating first the joint velocities for the lowest priority task and
then the contribution of higher priority task are added recursively.
Considering a set of l tasks
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Algorithm 1: Multi-Task Priority Framework
1
2
3
4
5
6
7

RA = 0
T0 = [ ], q̇l+1 = 0, Jl+1
H = calculateHardConstraints(q)
for p = l → 1 do
jointsp,0 = [ ], q̇p,0 = q̇p+1
for j = 1 → mp do
active jointsp,j = jointsp,j ∪ active jointsp,j−1
Jp,j = adaptJacobian(Jp , active jointsp,j )



8

 Jp,j 

RA = 
Jp,j




RA
Jp+1

9

RA #
Tp,j = getTp (Jp,j
, size(Jp# ))

q̇p,j = q̇p,j−1 + Tp,j (Jp,j Tp,j )# (ẋp − Jp q̇p,j−1 )
RA )
q̇p,j = hardConstraints(q̇p,j , Jp,j
if |(ẋp − Jp q̇p,j )| − |(ẋp − Jp q̇p,j−1 )| <  then
q̇p,j = q̇p,j−1
end

10
11
12
13
14
15
16
17
18
19
20
21

end
q̇p = q̇p,mp + Jp# (ẋp − Jp q̇p,mp )
q̇p = hardConstraints(q̇p , Jp )
if |(ẋp − Jp q̇p )| − |(ẋp − Jp q̇p,mp )| <  then
q̇p = q̇p,mp
end
end

39

3.4. Framework Solution

ẋp = Jp q̇p

p = 1, ..., l,

(3.5)

where ẋp is the task with priority p and this priority is higher than p+1. The
results previously mentioned are achieved thanks to the recursive formula
q̇p = q̇p+1 + Tp (Jp Tp )# (ẋp − Jp q̇p+1 ),

(3.6)

where q̇p is the solution of the task with priority p which takes into account
all lower priority tasks. In order to obtain Tp , consider the reverse augmented
Jacobian JpRA , bordered on top with Jp




 Jp 
T
,
JpRA = (JpT Jp+1
... JlT )T = 


RA
Jp+1

(3.7)

then Tp is the n × mp matrix bordered on left with the pseudoinverse of JpRA
JpRA #


=

Tp


∗ .

(3.8)

For further details, please refer to [Flacco and De Luca, 2014].

3.4.2 Multi-Chain Tasks and Jacobians
A property of the prosed framework is the possibility to execute tasks that
affect different kinematic chains, even in the same priority level.
Considering a set of r tasks with the same priority p, the general task ẋp
that includes all of them can be obtained by stacking the individual tasks


ẋp,1 





ẋp =  . . . 
.




ẋp,r

(3.9)

The task Jacobian Jp associated to the global task ẋp , is also obtained
by stacking the Jacobians associated to each individual tasks. However, as
was said before, not all the tasks must be related with the same kinematic
chains, namely with the same joints. Thus, in order to construct Jp it is
necessary to normalize the shape of the task Jacobians, and all of them
must be extended to have n columns, being n the number of joints of the
E , will be filled
system. Then, the cth column of the extended Jacobian Jp,r
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by either the column of the Jacobian Jp,r associated to the joint c, in case
this joint it is associated to the Jacobian, or with zeros otherwise. Finally,
Jp is calculated by


E
Jp,1 





Jp =  . . . 
.




E
Jp,r

(3.10)

3.4.3 Joint Priority
Apart from prioritizing the tasks, sometimes it is also desirable to define
with which joints it is preferable to solve a determined task. For instance,
when an I-AUV is performing a manipulation task, it could be convenient
to execute the task, if it is possible, using only the manipulator. This is due
to manipulators usually perform more accurate movements than vehicles.
Thus, this way of proceeding avoids unnecessary risks.
The presented framework allows the users to define a joint hierarchy for
each task level. Then, the tasks are tried to be solved using only the joints
with higher priority. If it is not possible, next hierarchy group is also used
to find a solution, and so on.
Considering that for solving the task ẋp , there are mp groups of joints.
For the jth group of joints, the active joints (active jointsp,j ) are all those
with priority higher or equal to j,
active jointsp,j = [jointsp,j ∪ ... ∪ jointsp,1 ]
= [jointsp,j ∪ active jointsp,j−1 ].

(3.11)

Then, the Jacobian associated to the task Jp needs to be adapted to use
only these active joints. To do so, a n × n identity matrix Aj is created and
the column k, with k ≤ n, is set to zero in case the joint k is not active, it
means k ∈
/ active jointsp,j . The adapted Jacobian Jp,j is obtained by
Jp,j = Jp Aj

(3.12)

This adapted Jacobian is used to execute the Reverse Priority method
and finding a solution for the remaining task error.

3.4.4 Hard Constraints
So far, the IK solver used, does not take into account the system constraints.
Thus, after finding the joint velocities that solve a task, it is needed to
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check that these velocities do not produce any constraint violation. In case it
happens, the velocities must be modified in order to satisfy these constraints
and continue accomplishing the tasks hierarchy.
The presented framework allows the users to limit joints movement, as
well as end-effector Cartesian movements.
The robot motion capabilities are defined by a maximum joint velocity (|q̇i | ≤ Q̇max ), a joint range for each joint (Qmin,i ≤ qi ≤ Qmax,i ), a
k
maximum Cartesian velocity (|ẋki | ≤ Ẋmax,i
) and a Cartesian range for each
translational and rotational axis (x, y, z, roll, pitch, yaw) of each end-effector
k
k
(Xmin,j
≤ xkj ≤ Xmax,j
), where i is one of the joints of the system, k one of
the kinematic chains and j one of the axes.
In the control implementation the joint velocities q̇, which are the output
of one framework execution, are sent to the system and kept constant during
a sampling time of duration T . Taking this into account, the maximum
velocities allowed must not produce any limit overrun during the sample
time. Moreover, if one constraint are already exceeded, no movement that
worsen this must be allowed.
In order to accomplish these two premisses, a maximum allowed positive
and negative velocity for each joint and each axis of each end-effector are
calculated before starting the task solver algorithm.
At a current joint configuration q, the velocity of the joint i must satisfy
that

q̇min,i =

(
0

if qi ≤ Qmin,i

max

q̇max,i =

n

Qmin,i −qi
, −Q̇max
T

o

if qi > Qmin,i

(
0

if qi ≥ Qmax,i

min

n

Qmax,i −qi
, Q̇max
T

o

if qi < Qmax,i

q̇i,min ≤ q̇i ≤ q̇i,max

(3.13)

(3.14)

(3.15)

On the other hand, the position and velocity of the end-effector of a
kinematic chain k, having a joint configuration q, can be calculated by xk =
F K(q) and ẋk = J k q̇ respectively, where F K is the forward kinematics of
the chain and J k its Jacobian matrix at the system configuration q. Taking
this into account, the Cartesian velocity for an axis j must accomplish that

ẋkmin,j

=


0
max

k
if xkj ≤ Xmin,j



k
Xmin,j
−xkj
, −Ẋmax
T



k
if xki > Xmin,j

(3.16)
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ẋkmax,j

=


0
min

k
if xki ≥ Xmax,j



k
Xmax,j
−xkj
, Ẋmax
T



k
if xki < Xmax,j

ẋkj,min ≤ ẋkj ≤ ẋkj,max

(3.17)

(3.18)

Once the maximum velocities are calculated, each time the solver returns
velocities the algorithm 2 is executed. This algorithm checks if these velocities produce any limit exceedance and modify them in case it is needed.
The modification also tries to respect the tasks hierarchy.
Let be xJ and xC two virtual tasks in charge of putting the joint and
Cartesian exceeded velocities, respectively, in the allowed range. Let J J and
J C be their task Jacobian matrices. Then, next steps are followed:
1. Check if there are one or more Cartesian velocities violating a limit.
Let suppose that the kinematic chain k is exceeding the velocity limit
in the axis j. Then, the error is calculated and added to the task ẋC
in order to force the velocity to be into the limits. Besides, the jth
row of the Jacobian associated to the kinematic chain k, Jjk , is added
to J C .
2. If in previous iterations a Cartesian velocity was not inside the range,
which means that there is a row in ẋC and J C associated to the axis,
but it is now accomplishing the limits, the associated task is set to 0,
ẋC,k
= 0. This is used to avoid that the velocity of this axis changes.
j
3. If all the Cartesian velocities are inside the limits, the joint velocity
limits are checked. Otherwise, ẋJ and J J are reset and the joint velocities are not checked in this iteration. This step tries to avoid first
Cartesian overruns, in which usually are implied more than one joint,
and after that, correct the joint velocities.
4. If the Cartesian limits are all into the limits, in order to check the
joint velocities, steps 1 and 2 are executed but the task and Jacobian
filled are ẋJ and J J . In this case, the Jacobian row associated to a
joint i is a row vector filled with 0s and with a 1 in the ith position.
 
C

ẋ 

5. Next step consists on joining both tasks ẋC,J = 
  and Jacobians
ẋJ

3.4. Framework Solution
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C

J C,J

J 

=
 .
JJ

6. Finally the Reverse Priority method is used to find the velocities that
better accomplishes the task xC,J , having as a Jacobian J C,J . It is
also desired to take into account the previously solved tasks. Thus,
the matrix T C,J is the projector in the null space of the augmented
Jacobian of the already solved tasks.
7. If the new velocities do not break any limit, they are returned. Otherwise, a new algorithm iteration is executed.
Sometimes, the constraints may cause the non-fulfilment of the current
task. Thus, if after applying the constraints control algorithm, the resultant
velocities do not generate an improvement in the current task fulfilment
higher than a certain value  comparing with the velocities coming from the
last iteration, these new velocities are discarded and the old ones are used
in the next iteration.

3.4.5 Ensure Task Fulfilment
We found that RP method successfully maintains the task hierarchy, but
the update equation in RP only distinguishes the current task and all tasks
with less priority. It means, during the calculation of a given task, all tasks
with less priority are placed at the same priority level. This leads to find
a correct set of joint velocities as long as the IK problem has a valid solution that satisfies all the constraints. But, when the fulfilment of the hard
constraints was forced to be satisfied, all the tasks in the hierarchy were
modified without considering their priority. In order to mitigate such effect,
an additional calculation of the joint velocities, only considering the Jacobian of the current task, is done at the end of each task calculation. If the
joint velocities were not modified by the hard constraints, this step has no
influence because the solution of the RP method is also valid for the current
task. In case the joint velocities were modified by the hard constraints, this
step permits the current task having a major influence on the solution than
the previous ones.
Let’s suppose a system with three joints n = 3 and two tasks in the
hierarchy ẋ1 = (1) and ẋ2 = (-1) whose Jacobian matrices are J1 = (1 1 -1)
and J2 = (1 0 0). Let’s also suppose that the 2nd joint is in the upper bound
and the 3rd one in the lower bound, which means that the final velocities
must accomplish that q̇max,2 = 0 and q̇min,3 = 0.
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Algorithm 2: Hard Constraints
1 function hardConstraints(q̇, J RA )
2 J C = [ ], J J = [ ], xC = [ ], xJ = [ ]
3 cartesianLimit, jointLimit = T rue
4 while cartesianLimit k jointLimit do
5
cartesianLimit = F alse
6
jointLimit = F alse
7
for k = 1 → kinematic chains do
8
for j = 1 → axes do
9
if not(ẋkj,min ≤ ẋkj ≤ ẋkj,max ) then
10
J J = [ ], xJ = [ ]
11
JjC,k = Jjk
 k
ẋj,min − ẋkj if ẋkj < ẋkj,min
12
error =
ẋkj,max − ẋkj if ẋkj > ẋkj,max
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33

34

35

36

37
38
39
40

ẋC,k
= error
j
cartesianLimit = T rue
end
else if ∃ẋC,k
then
j
ẋC,k
=
0
j
end
end
end
if not(cartesianLimit) then
for i = 1 → joints do
if not(q̇i,min ≤ q̇i ≤ q̇i,max ) then
JiJ = Ii 
q̇
− q̇i if q̇i < q̇i,min
error = i,min
q̇i,max − q̇i if q̇i > q̇i,max
ẋJi = error
jointLimit = T rue
end
else if ∃ẋJi then
ẋJi = 0
end
end
end
 
JC
J C,J =  
JJ
 
ẋC
ẋC,J =  
ẋJ


C,J
J

J RA,C,J = 
RA
J
T C,J = getT (J RA,C,J , size(J C,J # ))
q̇ = q̇ + T C,J (J C,J T C,J )# (ẋC,J )
end
return q̇
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The velocities obtained after solving the task with lower priority x2 ,
 
−1
 
 
#

q̇2 = 0 + T2 (J2 T2 ) (ẋ2 ) = 
 0 ,
 
 
0

(3.19)

do not exceed any limit.
Regarding the task with higher priority x1 , the solution proposed by the
IK solver is,




−1
 
 
#

q̇1 = q̇2 + T1 (J1 T1 ) (ẋ1 − J1 q̇2 ) = 
 1 .
 
 
−1

(3.20)

In this case, both the velocities of the joints 2 and 3 are not inside the allowed
range. So, they must be modified using the Hard Constraints algorithm. The
virtual task and the Jacobian needed for solving the problem are



T
0 1 0
.
xJ = −1 1
,
JJ = 
(3.21)


0 0 1
So, the velocities obtained after the algorithm would be
 

q̇1,HC

−1
 
 
J
J J # J

= q̇1 + T (J T ) (ẋ ) = 
 0 .
 
 
0

(3.22)

It is easy to prove that the new velocities do not accomplish the task
with higher priority, so the methodology is not working properly in this case.
In order to solve these cases, before leaving a task the methodology assures
that it is satisfied as much as possible. To do so, the velocities that solve the
remaining error are calculated without taking into account the null space of
the previous tasks. And, in case the obtained joint velocities violate a hard
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constraint, the Hard Constraint algorithm is called but now using only the
null space of the currently solved task.
Continuing with the proposed example, after avoiding the constraint
exceedances, the IK is used to find a solution without taking into account
the task with lower priority,


q̇1 = q̇1,HC



−0.3333




#

+ J1 (ẋ1 − J1 q̇1,HC ) =  0.6667 
.




−0.667

(3.23)

Once again, the velocities for the joint 2 and 3 are breaking the limits. So,
the Hard Constraints algorithm is executed but having as reverse augmented
Jacobian the task Jacobian of the current task


RA
(3.24)
J
= 1 1 −1 ,
and as a virtual task and its Jacobian,



J

x =

T


−0.6667

0.6667

,

0
JJ = 

0

1
0

0
.

1

(3.25)

Executing the algorithm the velocities returned are
 

q̇1,HC

1
 
 
J
J J # J

= q̇1 + T (J T ) (ẋ ) = 
0.
 
 
0

(3.26)

This new velocities completely fulfil with the task with higher priority
and do not surpass any limit.

3.5 Experimental Results
Two simulated experiments have been performed to evidence the functionalities of the framework. Both experiments were conducted with the UWSim
simulator [Prats et al., 2012d].
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Figure 3.1: UWSim 3D visualization of the Girona500 AUV
with the ARM 5E manipulator attached.

In the two experiments the robotic system used is a simulated model
of the Girona 500 AUV [Ribas et al., 2012], with the robotic manipulator
ECA-CSIP Light-weight ARM 5E [Fernández et al., 2013] attached (see
Fig. 3.1). The vehicle has been configured with 4 degrees of freedom (x,y,z
and yaw), and the arm has 4 more (slew, shoulder, elbow and jawRotate).
Two kinematic chains have been defined. The first one uses the 4 degrees
of freedom of the vehicle and its end-effector is in the center of the vehicle.
The second one uses the 8 degrees of freedom, and its end-effector is in the
gripper of the arm.
Concerning the constraints, additionally to the joint limits indicated in
the Table 3.1, the maximum joint velocity was set to 0.1rad/s and the
maximum Cartesian velocity to 0.2m/s.
Table 3.1: Joint Limits of the Girona 500 and the ARM5E.
(angular units in radians)

Joints

x

y

z

yaw

slew

shoulder

elbow

jawRotate

max limit

∞

∞

∞

∞

0.4

1.37

1.45

∞

min limit

−∞

−∞

−∞

−∞

-1.0

0.1

0.1

−∞
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Figure 3.2: UWSim 3D visualization of the gripper trajectory during the first experiment.

3.5.1 First Experiments
The idea of the first experiment is to demonstrate how the framework is
able to deal with multiple tasks at the same time that Cartesian limits and
joint priorities are defined.
Two tasks are defined for this experiment. The task with the lowest
priority, tries to move the component z of the vehicle to the position z =
−10 m. And the goal of the highest priority task is to reach the position
(x = 4.0, y = 2.0, z = 4.0) m with the gripper (see Fig. 3.2). At the same
time, in the task with the highest priority, the joints of the vehicle have less
priority than the ones of the arm.
Apart from the joint limits, two Cartesian limits have been defined. The
component x of the vehicle cannot be higher than 3.0 m and the component
z of the gripper is also positively limited to 3.0 m.
Fig. 3.3 demonstrates how the vehicle tries to move in −z direction as
long as the joints of the arm can move the gripper in the opposite direction.
When the arm alone is not able to fulfil the highest priority task, the vehicle
must help to accomplish it, ignoring the task with lower priority.
It is also worth noting, how the two end-effectors never exceed their
Cartesian limits, even when it provokes that the tasks are not going to
be fulfilled (see Fig. 3.3 and Fig. 3.4). At the end of the experiment, the
component y of the end-effector, which has not been limited, is the only one
able to reach its goal value.
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Figure 3.3: Trajectory of the x (red), y (green) and z (blue)
components of the vehicle during the first experiment. The Cartesian limit (x ≤ 3) on the movement of the vehicle is represented with a dashed
line.
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Figure 3.5: UWSim 3D visualization of the gripper trajectory during the second experiment.

3.5.2 Second Experiment
The second experiment tries to show the framework ability to deal with more
than one task in the same priority level even when the task do not become
at the same kinematic chain. At the same time, the framework controls that
no joint exceeds its limits.
This experiment is composed by one task in the highest level of priority
and two tasks with the same priority in the second level. The highest priority
task tries to move the gripper to the position (x = 4.0, y = 2.0, z = 4.0) m.
In the second level, one task is in charge of positioning the yaw component
of the vehicle in the value 1.5 rad. And the other one tries to keep the slew,
shoulder and elbow joints as close as possible to the values −0.7, 2.0 and
0.0 rad, respectively (see Fig. 3.5).
Fig. 3.6 shows how the gripper reaches the expected position, and the
vehicle the correct orientation.
The movement of the joints of the arm can be seen in the Fig. 3.7. They
try to reach the values defined by the task but if the commanded joint value
is out of range, the joint stops at the limit. It is also worth noting that,
if one joint is out of bounds, the elbow in this experiment, it can just do
movements in the direction that do not worsen this exceeding, until it is
inside the limits, when it recovers a normal behaviour.
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3.6 Conclusions
In this chapter, a kinematic control framework for redundant robots has
been introduced. It permits the management of multiple tasks, multiple
kinematic chains, joint priorities and hard constraints in a unified framework.
The Reverse Priority method has been considered to solve multiple tasks
following a task priority strategy. It has been extended in order to introduce
the possibility of assigning different priorities to each of the joints at each
task level.The treatment of hard constraints has also been integrated within
the proposed framework.
Two simulated experiments shown in this work have proven the validity of the proposed framework. In the first experiment is appreciated how
the system tries to satisfy the highest priority task solely with the joints
of the arm. When required, also the vehicle contributes to the fulfilment
of the highest priority task. In both experiments the performance of the
implementation of the hard constraints is demonstrated.

Chapter

4

Grasp Planning
This chapter presents a software framework which estimates the best feasible
pose to grasp an object of interest taking as input the partial reconstruction
of the scene where the object is located (see Fig. 4.1).
Firstly, the point cloud is properly segmented to separate the different
objects of the scene. Then the dimensions of these objects are estimated.
The object that better fit with a predefined criteria is chosen as object of
interest. Finally, a grasp planner based on the Multi-Task Priority algorithm,
explained in the last chapter, is used to obtain the best feasible grasping
pose for this object, taking into account a series of goals and constraints.
The algorithm for separating the object from the rest of the scene has
been described in an international conference [Peñalver et al., 2017].

4.1 Motivation
Once the I-AUV has reconstructed the scene, the manipulation requires to
be planned.
The object position, orientation, shape or size are very important to
properly planning a grasping. But, the point cloud generated, even if it has
been obtained from different points of view, cannot provide all this information. Thus, the estimation of these hidden details is crucial for obtaining
a good grasp plan.
Additionally, the system should be also taken into account during the
grasp planning. On the one hand, the kinematic constraints limit the number
of valid grasping poses. And on the other hand, some of these poses are
preferable than others.
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Figure 4.1: Flowchart of an autonomous underwater grasping intervention. The second of the phases of the
intervention consists on planning the grasp. This
phase is composed by three subphases (green).
First, the point cloud received from the first
phase is segmented to separate the object of interest from the rest, then the object is studied to
obtain an appropriated object frame and finally
the best feasible grasping pose is calculated.

4.2. State of the Art
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4.2 State of the Art
The problem of finding a suitable grasp pose among the infinite set of candidates is a challenging problem which has been strongly studied during
last years. In [Bohg et al., 2014], they divide the solutions for this problem
depending on what the system knows a priori about the object of interest.
• Known Objects: In these approaches, the systems have access to a
database containing geometric object models associated with a number of good grasps. In most cases, this database has been build offline.
Once the object has been recognized, the goal is to estimate its pose
and retrieve a suitable grasp.
• Familiar Objects: These approaches assumes that similar objects can
be grasped in a similar way. Thus, they estimate the similarity between
the new object with the previously studied ones. And then calculate
which is the best grasp for this new object.
• Unknown Objects: Approaches in this group do not use previous information about objects or grasps. They focus on determining the
features of the object using sensory data. These features are used to
generate grasp candidates and ranking them.
In this thesis, it is assumed that the object of interest is unknown. For
that reason, the state of the art focuses on the last group of methodologies.
Unknown object grasping approaches can also be categorized depending
of the way the incomplete and noisy data received from the real sensors is
treated [Lei et al., 2017].

4.2.1 Approximating Unknown Object Shape
These approaches use partial information of an object to estimate its complete shape and then determine the best grasp.
In [Bone et al., 2008], 2D images and structured light data from multiple
views are being used to create a 3D model of the unknown object. From the
2D images, the silhouette are extracted to create a 3D visual hull, then it
is merged with the more accurate 3D shape data retrieved from the structured light technique. Once the model is estimated, they search for a pair
of reasonably flat and parallel surfaces that are best suited for their parallel
gripper.
[Dune et al., 2008] use multi-view measurements to determine the quadratic
that best resemble the shape of the object. The minor axis completed object
is used to define the wrist orientation and the centroid serves as approach
target.
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An approach for grasping unknown objects with a multifingered hand
is presented in [Lippiello et al., 2013]. They place a virtual elastic surface
around the point cloud of the object, then this surface is shrunk at every
iteration step (new image acquisition) until this intercepts with some points
of the object. A pregrasp shape is defined in which the fingertip contacts on
the virtual surface are aligned with its two minor axes. This grasp is then
refined, given the local surface shape close to the contact point.
[Bohg et al., 2011] overcomes the problem of completing the object by
considering planar symmetries found in human-made objects. Their algorithm first tries to determine the planar symmetry on which the detected
point cloud of the object will be mirrored about. Two simple methods to
generate grasp candidate on the resulting completed object models are proposed and evaluated.
A different way of completing the model of the object is to look at the
available point cloud and reconstruct a fitting surface of the object using
those points. In the work of [Lee et al., 2003], a 3D model is retrieved by
using stereo matching. Then, a three-dimensional interpolation is applied
using the triangular mesh method. The grasp candidate is obtained by using
genetic techniques to solve an optimization problem.

4.2.2 From Low-Level Features to Grasp Hypotheses
In this case, the approaches have a predefined set of grasps postures. Thus,
when the partial information of the object is acquired, they search for 2D
or 3D visual features that fit with any of the predefined postures. Finally,
the pairs features-postures are ranked following a set criteria.
In [Baumgartl and Henrich, 2012], Hough transformation is used to find
edges in 2D images. Edges shorter than a minimum length are discarded.
Parallel edges are sought in the remained set. If the distance between them
is smaller than the gripper aperture, they are considered good contact points
for grasping.
[Hsiao et al., 2010] place a bounding box around the available point
cloud of an unknown object. Several heuristics are used to generate grasp
hypotheses taking as input the bounding box. These can be grasps from
the top, from the side, or applied to high points of the object. Finally, the
hypotheses are ranked using a weighted list of features.
The proposed grasping approach in [Ala et al., 2015] uses blob detection
to retrieve the boundaries of the point cloud of the object. These boundary
lines are then transformed into straight lines. The grasp planner tries to
find parallel contact points in order to execute an envelope grasp. When an
object has a desirable thickness, one contact point can be retrieved in order
to execute a boundary grasp.

4.2. State of the Art
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The approach proposed by [Klingbeil et al., 2011] consists on searching
for a pattern in the scene similar to the 2D cross section of the robotic
gripper interior. A depth image of the scene is sampled to find a set of grasp
hypotheses based on this pattern. Then the hypotheses are ranked according
to an objective function that takes into account the grasp hypothesis and
its local structure.
In [Lenz et al., 2015] a deep learning approach is used for detecting a
good grasp from a RGB-D view of the scene. A small deep network is used
to search potential grasps represented using oriented rectangles. A larger
deep network is then used to rank the candidates based on the features extracted from the RGB-D image region contained inside their corresponding
rectangles.

4.2.3 From Global-Shape to Grasp Hypotheses
The approaches included in this last group infer a good grasp hypothesis
using the global shape of the object.
In [Richtsfeld and Vincze, 2008], a 3D mesh generation algorithm is
applied on the segmented point cloud. Then, the surface is extracted using
2D DeLauney triangulation. One grasp point is found by calculating the
edge point with minimum distance with respect to the center of masses.
For obtaining the second grasping point, a virtual line that crosses the first
grasping point and the center of masses is drawn. The intersections between
this virtual lines and the edges of the object are the two grasping points.
The authors of [Maldonado et al., 2010] model the object as a 3D Gaussian distribution around the estimated object center. The grasp configuration is chosen by optimizing a criterion in which the distance between the
center of the palm and object is minimized and the distance between the
fingers and the object is maximized.
Only a single depth image is used in [Suzuki and Oka, 2016] to grasp
unknown objects on a planar surface. They estimate the principal axis and
centroid of the object. Then, the gripper approaches the object in a perpendicular direction to the plane, and grasps it in an orientation determined by
the normal of the plane and the obtained principal axis.
[Stückler et al., 2011] generate grasp hypotheses based on eigenvectors of
the object’s footprints on a plane surface. Footprints refer to the 3D object
point cloud projected onto the supporting surface. Then, the hypotheses are
ranked depending on the distance to the object center, grasp width, grasp
orientation and distance from the robot.
In [Calli et al., 2011], the grasping algorithm uses curvature information
of the silhouette of an unknown object. Using elliptic Fourier descriptors, the
silhouette of the object can be modelled from a 2D image. To find grasping
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Figure 4.2: Underwater scene reconstructed using the MultiView Laser Reconstruction algorithm

points, local minima and maxima curves of the silhouette are evaluated.
[Speth et al., 2008] uses images of the target object from different point
of views to recover critical 3D information like the size, location and the
pose. This information is used to plan a grasping using an extension of the
2D contour-based algorithms.

4.3 Grasp Planner for Unknown Objects
The second phase of the autonomous grasping starts when the scene, where
the target is located, has been reconstructed. At that moment, the I-AUV
has only a global knowledge of the scene (see Fig. 4.2). But using this
information, it should be able to detect the different objects placed in the
scene and choose the one that better fits with a set of conditions defined by
the user previous to the starting of the intervention. After that, the grasp
planner must determine which is the best pose for grasping this object taking
into account the system characteristics.
Two assumptions have been made for calculating the grasping pose.
First, the scene is composed by a surface more or less plane with one or
more objects placed on it. And second, the use of a parallel jaw gripper.

4.3. Grasp Planner for Unknown Objects
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Figure 4.3: Point Cloud segmented. In red the floor, in green
the object of interest and in blue, cyan and yellow other objects placed in the scene.

4.3.1 Object Detection
In the first phase of the algorithm, the point cloud is studied in order to
recognise where the object of interest is placed and which points belong to
it.
First of all, the plane where the objects are resting is estimated. To do so,
the RANSAC segmentation algorithm [Fischler and Bolles, 1987] is applied
to the scene reconstruction. This iterative algorithm returns the parameters
of the plane that better fit with a set of points.
All the points closer to a certain distance d to the plane are considered
part of it, and then, removed (see Fig. 4.3). Being a point P (x0 , y0 , z0 ) and
the plane π ≡ Ax + By + Cz + D = 0, the minimum distance between them
is defined by:
| Ax0 + By0 + Cz0 + D |
√
d(P, π) =
(4.1)
A2 + B 2 + C 2
After removing these points, a clustering algorithm (Euclidean Cluster
Extraction [PCL-Segmenation, ]) is used to group the remaining ones. Obtaining the set of points that partially define the shape of each of the objects
in the scene (see Fig. 4.3).
Next step consists on estimating the size of the different objects in order
to choose the one that better fits with some predefined conditions. As we
suppose that all the objects are resting on the floor, the points of each
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Figure 4.4: Bounding boxes of the objects presented in the
scene.

object are orthogonally projected over the plane. Let be P (x0 , y0 , z0 ) one
point belonging to one of the objects and π ≡ Ax + By + Cz + D = 0 the
plane, l = (x0 , y0 , < z0 ) + t(A, B, C) is the line perpendicular to the plane
π that crosses the point P . Thus, the intersection point between this line l
and the plane π, is the orthogonal projection of the point P over the plane.
This intersection can be obtained as:
A(x0 + tA) + B(y0 + tB) + C(z0 + tC) + D = 0
t=

Ax0 + By0 + Cz0 + D
A2 + B 2 + C 2

P projected = (x0 + tA, y0 + tB, z0 + tC)

(4.2)
(4.3)
(4.4)

The estimated size of the different objects is then calculated by obtaining
the minimum bounding box, parallel to the plane, that encloses all the object
points together with their projections (see Fig. 4.4).
As said before, the user defines some object size limits before the intervention. These limits are defined taking into account the size of the gripper,
the kind of object that the user is interested in recovering, etc. Thus, the
bounding boxes that are not inside the limits are discarded. The remaining objects are ranked according to a criterion also predefined by the user.
A naive example of criterion could be to grasp the object with the highest
volume that accomplishes the size limits. The best ranked object is selected.
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Figure 4.5: Frame of the UJIOne gripper.

4.3.2 Object Frame Estimation
Once the object of interest is separated from the rest of the scene, an object
frame is estimated. This frame will indicate to the grasp planner where the
object is located, which orientation it has and how the gripper should be
positioned to perform a good grasp.
It is worth remembering that the point cloud is referenced from the frame
of the base of the arm. For this reason, all the frames cited hereinafter took
this as origin.
Continuing with the object frame estimation, first step consists on positioning it. The ideal reference position would be the center of masses of
the object. But, as it cannot be obtained from the partial reconstruction of
the object, the center of the bounding box is taken as estimated center of
masses. Thus, the object frame is placed there.
Concerning the orientation. It may vary depending on the strategy that
the user wants to follow to grasp the object and depending on the orientation of the manipulator frame. In order to facilitate the explanation, it has
been supposed that the gripper used is the UJIOne [Ribas et al., 2015] (see
Fig.4.5) and the object will be grasped by wrapping it through its minimum
moment of inertia. Next steps are followed to find the correct orientation:
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• It is desirable to grasp the object through its minimum moment of inertia. The shortest edges of the bounding box of the object are parallel
to this moment of inertia. Therefore, the component y of the frame
should be placed parallel to these edges. But, if they are perpendicular
to the plane, the grasp is not possible by this sides as one of the fingers
would collide with the floor. In this cases, the component y is placed
parallel to the middle moment of inertia.
• The grasp should also be carried out along its maximum moment of
inertia. The longest edges define the direction of this moment. Thus,
the component x of the frame is placed parallel to these edges.
• The component z of the object frame, is placed perpendicular to the
components x and y. It is, following the resulting direction from crossmultiplying the directions of the components x and y. This last component, z, defines the approximation direction, thus, it must always
be pointing opposite to the position of the base of the arm. In order to
check if it is happening, we calculate the distance between the center
of the object and the base of the arm. If a point displaced a bit along
the z direction is further from the base of the arm than the center
of the object, then, the object frame is well oriented. Otherwise, the
frame must be rotated π radians around component x.
Following these steps, the frame is properly oriented(see Fig. 4.6), and
prepared for the next phase.

4.3.3 Grasping Characterization
Once the planner has all needed information about the object of interest,
this must calculate an end-effector pose that allows the manipulator to grasp
the object properly. A grasping pose is considered reliable if it is positioned
and oriented inside a Cartesian ranges. These ranges are referenced from
the previously calculated object frame, and can vary depending on the manipulator and object sizes.
It may be infinite poses that accomplish these limits. Thus, in order
to define which is the best one, a set of tasks with different priorities are
defined. The grasping pose which better fulfil these tasks will be the selected
one.
In order to reach the best grasping pose, the grasp planner uses the
Multi-Task Priority algorithm, explained in the Chapter 3. This algorithm
allows to simulate the movements that the manipulator would perform while
it is trying to accomplish the defined tasks, at the same time that the constraints are respected.
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Figure 4.6: Reconstruction of the object of interest with its
frame properly positioned and oriented.

Moreover, the use of the Multi-Task Priority algorithm allows to define
virtual end-effectors and apply tasks and constraint over them. For example,
the palm of a gripper could be defined as virtual end-effector. Then, a task
which tries to position the palm as close as possible to the object could be
defined and also a constraint that does not allows the palm to contact with
it.
Concerning the simulation, if all the task and constraints were applied
directly, it may happens that there exists a valid solution but it will never
be reached because it would suppose to overcome momentarily any of the
constraints, and the Multi-Task Priority algorithm will not permit that. In
order to avoid this problem, the simulation is carried out in three phases:
• In the first phase, the algorithm only takes into account the constraints
related with the joints, it is the joint limits. The tasks applied in this
phase try that all the end-effectors reach a position inside their range
defined as valid to perform the grasping. In this phase the orientations
are not taken into account. When a stopping criterion, which will be
explained later, is reached, this phase is finished. If the end-effectors
are positioned inside their allowed ranges, the next phase is executed,
otherwise, the algorithm concludes without finding a valid solution.
• For the second phase, the Cartesian constraints related with the position are added to the joint limits. Next, the tasks try to orientate
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the different end-effectors so they are inside the allowed range of orientations. As in the previous phase, when the stopping criterion is
reached, if the end-effectors accomplish the limit conditions, the next
step is executed, otherwise, there is not solution and the algorithm
concludes.
• If the third phase is reached, it means that there exist valid poses
to perform the grasp. Therefore, in this phase, the algorithm decides
which of them is the ideal one. To do so, all the constraints are added
to the algorithm. Next, the different tasks that define the suitability of
a grasping pose, are tried to be fulfilled. When the stopping criterion
is reached, the current pose of the real end-effector defines the best
feasible grasping pose.
Concerning the stopping criterions, there are three conditions that can
stop the current phase of the algorithm. A maximum number of iterations
have been performed, the sum of the joint velocities returned is lower than
a certain value or the highest priority tasks error is lower than a certain
value.

4.4 Experimental Results
Three experiments have been performed to evidence the functionality of the
detailed methodology. As in the last chapter, the used system is composed
by the robotic manipulator ECA-CSIP Light-wight ARM 5E [Fernández
et al., 2013] which has been attached to the Girona 500 AUV [Ribas et al.,
2012]. The vehicle has been configured with 4 degrees of freedom (x, y, z,
yaw) and the manipulator with 4 more (slew, shoulder and jawRotate).
At the same time, the manipulator has a gripper in its extreme. This
gripper is formed by 4 parallel fingers of 26 cm length (Glength ), which can
achieve a maximum aperture of 30 cm (Gopen ).
I-AUV’s manipulators usually perform more accurate movements than
AUVs. Therefore, performing a grasping using only the manipulator, while
the vehicle is trying to keep its current position, increases the probability of
success in the manipulation. Taking advantage of the Multi-Task Priority
Algorithm characteristics, in a first iteration, a valid grasping pose reachable
moving only the manipulator is searched. If no one is found, the algorithm
is executed again allowing also vehicle movements.

4.4.1 Experiments definition
The input of the three experiments is a partial reconstruction of a scene
where several objects are placed over a flat surface.
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Palm-effector
Middle-effector

Finger-effector

Figure 4.7: Frames of the three virtual end-effectors used for
calculating the grasping pose.

This point cloud is segmented and the objects that do not accomplish
the conditions described below, are discarded. These conditions have been
defined taking into account the size limitations of the used gripper.
1. All the bounding box axes must measure less than 50cm
2. None of the bounding box axes can measure less than 5cm
3. The bounding box axis perpendicular to the plane must measure more
than 10cm
4. One of the two remainder bounding box axes must measure less than
25cm
From the remaining objects, the one with highest volume is chosen. In
this case the green object
The strategy chosen for grasping the object consists on wrapping it.
Thus, the object frame has been estimated as in the example of the Section
4.3.3.
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Concerning the simulation, three virtual end-effectors have been defined.
The first one, finger-effector, is positioned between the end of the two lower
fingers of the gripper. The second one, palm-effector, is positioned in the
palm of the gripper. The last one, middle-effector, can be found in the middle
of the gripper. The three frames are oriented with the same orientation,
which coincide with the real end-effector orientation (see Fig. 4.7).
The Cartesian ranges that define a valid grasp for each object, depend
of the size of this object. Supposing that the sizes of the bounding box that
enclose the object are(xbb , ybb and zbb ), these ranges are defined by:
Table 4.1: Cartesian limits of the three virtual end-effectors
for the Grasp Planning experiments. (angular
units in radians)
End-effector

Limits

x

y

z

roll

pitch

yaw

fingereffector

max limit

0.4 ∗ xbb

Gopen −ybb
2

0.45 ∗ zbb

0.4

π
2

0.1

min limit

−0.4 ∗ xbb

0

-0.4

− π2

-0.1

palmeffector

max limit

0.4 ∗ xbb

∞

−0.5 ∗ zbb

2π

2π

2π

min limit

−0.4 ∗ xbb

−∞

−∞

−2π

−2π

−2π

middleeffector

max limit

∞

∞

∞

2π

2π

2π

min limit

−∞

−∞

−∞

−2π

−2π

−2π

−

Gopen −ybb
2

The limits of the z components, force the lower fingers two cross at
least half of the object, without allowing these fingers to cross it completely,
avoiding the possibility of contact with the floor. At the same time, the palm
of the gripper is not allowed to contact with the object.
The y components have been limited to avoid that the fingers contact
with the object during the grasping approximation.
The component x is limited to force that the final position of the gripper
is always over the object.
The limitations of the roll component also avoid that the fingers contact
with either the object or the floor.
The pitch component has been limited to avoid a wrong approximation
direction, which could produce an unexpected contact.
The last component, yaw, has been strictly limited. This is because a
small rotation in this component could trigger a finger collision with the
object during the approximation.
Once the constraints that defines a valid grasping pose have been presented, next step consists on defining the tasks used in each of the phases
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of the grasp planning.These tasks have been structured depending on their
priority level, having the task with priority n more priority that the task
with priority n + 1.
In the first phase, the goal is to position the end-effectors inside the
previously defined limits related to the position (see Tab. 4.2. To do so, the
algorithm tries to cross with the finger-effector half of the object, which is
the minimum object depth allowed, and tries to position the middle-effector
also inside the allowed limits.
Table 4.2: Cartesian tasks for ranking the valid grasping
poses

Priority

1

End-effector

Task

middle-effector

x=0

middle-effector

y=0

finger-effector

z=0

The goal of the second phase is to properly orientate the end-effectors
(see Tab. 4.3). As all the end-effectors have the same orientation, it is not
relevant which of the end-effectors accomplishes the tasks. The tasks have
been sorted depending on how restrictive the associated limit is.
Table 4.3: Tasks for reaching a position inside the limits.

Priority

End-effector

Task

1

finger-effector

yaw = 0

2

finger-effector

roll = 0

3

finger-effector

pitch = 0

The tasks of the third phase is in charge of finding the preferable grasping
pose among all the poses that are inside the limits (see Tab. 4.4).
The two tasks with the highest priority try that the largest surface of
the fingers were around the object during the grasp. To do so, they try to
deep the ending of the fingers as much as possible around the object. At
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the same time the palm of the gripper is positioned as close to the object
as possible without contacting with it.
The rest of the tasks try to position the final pose in the middle of the
object, keeping the orientation defined by the object frame.
It is worth mentioning that the used constraints and tasks have been
obtained trial and error.
Table 4.4: Task for reaching an orientation inside the limits.

Priority

End-effector

Task

finger-effector

z = 0.45 ∗ zsize

palm-effector

z = −0.55 ∗ zsize

2

finger-effector

roll = 0

3

finger-effector

yaw = 0

4

middle-effector

y=0

5

finger-effector

x=0

palm-effector

x=0

1

4.4.2 First Experiment
The input of the first experiment is the point cloud shown in the Fig. 4.2.
The detection of the floor and the 4 objects placed over it can be seen in
the Fig. 4.3).
Next, the bounding boxes of these objects have been calculated (see Fig.
4.4), obtaining the following estimated object sizes (see Tab. 4.5).
Only the green object accomplishes all the conditions that define a graspable objects. All the axis are higher than 5cm and lower than 50. The axis
perpendicular to the plane, which is the middle one, is higher than 10cm,
and one of the other is lower than 25cm.
The three remainder objects do not accomplish the condition of having
all the axis higher than 5cm, thus, they cannot be grasped.
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Table 4.5: Estimated size of the objects placed in the scene of
the First Experiment. The values show the size in
cm of the axes of the bounding boxes that enclose
the objects.

Object color

Major

Middle

Minor

Graspable

Green

31.488

13.976

10.423

X

Blue

8.852

6.264

4.077

Cyan

9.156

4.481

1.919

Yellow

6.357

2.942

2.057

As there is only one graspable object, this is the selected one.
The frame estimated for the selected object can be seen in the Fig.
4.3.2. This frame is located, with respect to the base of the arm at the
position(x = −0.035, y = −0.052, z = 1.073)m and with an orientation
(roll = −0.013, pitch = −0.08, yaw = 2.27)rad. This frame is considered
the origin during the simulation, and all the tasks are defined with respect
to it.
Having the object frame defined, the simulation can start. In a first
iteration, the vehicle movements are not allowed. If no solution is found, a
second simulation allowing these movements will be performed.
At the end of the first phase of the simulation (see Fig.4.8), the three
tasks have been practically fulfilled. It is, the components x and y of the
middle-effector and the z component of the finger-effector have reached the
position 0. Moreover, the arm joints have respected their limits (see Fig.
4.9). Thereby, the simulation can continue with the second phase.
The goal of the second phase is to orientate the end-effectors like the
object frame without overpassing the Cartesian limits related to the position
and the joint limits. Fig.4.10 shows the evolution of the orientations during
this phase. The algorithm stops when there is no allowed movement that
improve the end-effectors orientation. Even though the task have not been
completely fulfilled, the final orientation is inside the allowed orientation
range, thus the algorithm can continue. Fig. 4.11 demonstrates that neither
the joint nor the end-effectors have overpassed their limits.
At that moment of the experiment, it is already known that there is
valid solutions for grasping the object without moving the vehicle. This
phase looks for the best solution among all the valid ones following the task
hierarchy previously defined. In this phase the orientation limits are also
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Figure 4.8: Trajectory followed by the finger-effector (top)
and middle-effector (bottom) during the first
phase of the First Experiment.
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Figure 4.9: Arm joint values during the first phase of the
First Experiment. Upper and lower limits described with dashed lines.
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Figure 4.10: Orientation reached by the finger-effector during the second phase of the First Experiment.

introduced.
Fig. 4.12 shows the final position and Fig. 4.13 the final orientation
reached by the different end-effectors at end of the third phase of the experiment. And Fig. 4.14 displays the joint values during the same phase of the
experiment.
Concerning this third phase, the tasks with the highest priority are related to the z component of the finger-effector and palm-effector. Thus, the
movements performed during this phase tries specially to accomplish these
tasks. Taking into account that the arm has only 4 degrees of freedom, it is
understandable that some movements needed to accomplish these tasks, can
worse the state of tasks with lower priority. At the end, both z components
have improve their initial positions. On the other hand, the x component of
the finger-effector has clearly worse its initial state.
After successfully finishing the first iteration of the simulation, the second iteration is not needed. The final pose reached by the real end-effector
is the output of the algorithm.

4.4.3 Second Experiment
After that I-AUV has reconstructed the scenario of the Second Experiment,
the point cloud obtained is segmented (see Fig. 4.15), realizing that the
scene is composed by four objects over a flat surface.
The bounding boxes of these objects are then extracted (see Fig. 4.16).
These boxes approximate the real sizes of the objects. These obtained sizes
are detailed in the Tab. 4.6.
Both green and blue objects accomplish all the conditions that define a
graspable object. All the axis are higher than 5cm and lower than 50. The
axis perpendicular to the plane, which is the major for the green object and
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Figure 4.11: Joint values (top) and trajectory followed by
the finger-effector(middle) and palm-effector
during the second phase of the First Experiment. Upper and lower limits described with
dashed lines.
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Figure 4.12: Trajectory followed by the finger-effector (top),
palm-effector (middle) and middle-effector
(bottom) during the third phase of the First
Experiment. Upper and lower limits described
with dashed lines.
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Figure 4.13: Orientation reached by the end-effectors during
the third phase of the First Experiment. Upper
and lower limits described with dashed lines.
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Figure 4.14: Arm joint values during the third phase of the
First Experiment. Upper and lower limits described with dashed lines.
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Figure 4.15: Second Experiment scene segmentation.

Figure 4.16: Bounding boxes of the objects placed in the
scenario of the Second Experiment.
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Table 4.6: Estimated size of the objects placed in the scene
of the Second Experiment. The values show the
size in cm of the axes of the bounding boxes that
enclose the objects.

Object color

Major

Middle

Minor

Graspable

Green

29.849

16.478

12.587

X

Blue

26.486

12.432

11.832

X

Cyan

19.451

8.354

7.088

Yellow

11.356

9.877

3.453

the middle for the blue one are higher than 10cm, and at least one of the
remaining axis is lower than 25cm.
The cyan object accomplishes the condition of having all the axis higher
than 5cm and lower than 50, but the axis perpendicular to the plane, the
middle one, is not higher than 10cm.
Last, the yellow object does not have all the axis higher than 5cm, thus
it is also discarded.
Among the two graspable objects, the green one is the selected due
to its volume (6190.939cm3 ) is higher than the volume of the blue object
(3895.969cm3 ).
Next step consists on calculating the frame of the green object (see 4.17).
Unlike the First Experiment, this object has its major axis perpendicular
to the plane, thus the x component of the frame is placed perpendicular to
it. The z component is placed parallel to the plane, which means that the
desired approximation direction would be parallel to it.
The frame is located, with respect to the base of the arm, at the position(x =
−0.36, y = 0.0, z = 0.67)m and with an orientation (roll = 0.0, pitch =
−1.57, yaw = 3.14)rad. As in the last experiment, this frame is considered
the origin during the simulation, and all the tasks are defined with respect
to it.
Having the object frame defined, the first simulation, where the vehicle
movements are not allowed, can start.
Like in the First Experiment, at the end of the first phase of the simulation, the three tasks are completely fulfilled (see Fig. 4.18). Additionally,
Fig. 4.19 shows how the arm joints have respected their limits. Elbow joint
is close to its upper limit but it never crosses it.
The second phase tries to properly orientate the end-effectors. But, at
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Figure 4.17: Frame of the object selected to be grasped.

the first iteration of this phase, the algorithm finds that there is not allowed
movements that improve that current state of the tasks defined for this
phase without breaking the limits. Fortunately, as can be seen in the Fig.
4.20, the first phase finished having the end-effectors an orientation which
is inside the orientation limits. For that reason, the algorithm can continue
with the third phase despite not having done any movement.
Next, it is time for the third phase, where the best solution among all
the valid ones is searched. Fig. 4.21 shows the final position and Fig. 4.22
the final orientation reached by the different end-effectors at end of the third
phase of the experiment. And Fig. 4.23 displays the joint values during the
same phase of the experiment.
As in the first experiment, the number of joints of the arm limits the
fulfilment of the tasks, providing the feeling that only the tasks with the
highest priority are taken into account. Thus, the components z of fingereffector and palm-effector perform the most prominent movements towards
their desired position. Meanwhile, the remaining components perform the
necessary movements to allow the desired movement of the z components,
without being able to avoid worsening their state.
Again, the first iteration of the algorithm finds a good grasping pose,
and the second iteration is not needed.
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Figure 4.18: Trajectory followed by the finger-effector (top)
and middle-effector (bottom) during the first
phase of the Second Experiment.

1.5

joint position [rad]

1
0.5
0
-0.5
-1

0

50

100

[samples]
slew

shoulder

elbow

jawRotate

Figure 4.19: Arm joint values during the first phase of the
Second Experiment. Upper and lower limits described with dashed lines.
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Figure 4.20: Orientation reached by the finger-effector during the first phase of the Second Experiment.
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Figure 4.21: Trajectory followed by the finger-effector (top),
palm-effector (middle) and middle-effector
(bottom) during the third phase of the Second
Experiment. Upper and lower limits described
with dashed lines.
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Figure 4.22: Orientation reached by the end-effectors during the third phase of the Second Experiment.
Upper and lower limits described with dashed
lines.
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Figure 4.23: Arm joint values during the third phase of the
Second Experiment. Upper and lower limits described with dashed lines.
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Figure 4.24: Third Experiment scene segmentation.

4.4.4 Third Experiment
The scenario of the Third Experiment is composed by two objects over a
flat surface. The segmentation of the point cloud taken as input can be seen
in the Fig.4.24.
After segmenting the scene, the bounding boxes of the detected objects
are obtained (see Fig. 4.25). Using these boxes, the real sizes of the objects
are approximated. These sizes can be seen in the Tab. 4.7.
Table 4.7: Estimated size of the objects placed in the scene of
the Third Experiment. The values show the size in
cm of the axes of the bounding boxes that enclose
the objects.

Object color

Major

Middle

Minor

Graspable

Green

29.857

15.343

12.457

X

Blue

10.865

9.032

4.532

The green object accomplishes all the conditions for being grasped. All
the axes are higher than 5cm and lower than 50. The axis perpendicular to
the plane, which is the middle one, is higher than 10cm, and at least one of
the remaining axis is lower than 25cm, the minor one in this case.
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Figure 4.25: Bounding boxes of the objects placed in the
scenario of the Third Experiment.

On the other hand, the blue object does not accomplish the condition
of having all the axes higher than 5cm, thus it is discarded.
As the green is the only graspable object, it is the selected one.
Next, the frame of the selected object is calculated (see 4.26). In this
case, the x component is placed parallel to the plane and the desired approximation direction, perpendicular to the plane.
The frame is located, with respect to the base of the arm, at the position(x =
−0.273, y = 0.432, z = 1.3)m and with an orientation (roll = −0.007, pitch =
−0.2, yaw = 2.64)rad. Like in the other experiments, this frame is considered the origin during the simulation, and all the tasks are defined with
respect to it.
Once the object frame has been obtained, the simulation can start. The
first iteration without vehicle movements and, if needed, a second one allowing these movements.
When the first phase of the first iteration finishes, the tasks have not
been fulfilled (see Fig 4.27). The slew and elbow joints have reached their
limits, and they do not permit to continue improving the state of the tasks
(see Fig. 4.28). Further, all the components have stopped out of their limit
ranges. It means that there is no valid grasping pose reachable without
moving the vehicle. For that reason, the first iteration finishes and a second
iteration where the vehicle is used must start.
As can be seen in the Fig. 4.29, when the vehicle is used, all the tasks
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Figure 4.26: Frame of the object selected to be grasped.

defined for the first phase are accomplished. The x and y components of
the middle-effector and the z component of the finger-effector have reached
the 0 position. Fig. 4.30 demonstrates how both arm joints and vehicle have
been used to reach the desired position.
Next, the second phase tries to properly orientate the end-effectors. The
result of this phase (see Fig. 4.31) shows that the task related to the pitch
and yaw have been completely fulfilled. The component roll have not being
able to reach its desired value, but, nonetheless, it has stopped inside its
permitted range. Thus, this phase have finished successfully. Fig. 4.32 and
Fig. 4.33 demonstrate that all the limits have been respected during this
phase.
It is worth noting, that due to there is not tasks related to the position
of the end-effectors, the trajectory followed by the components x, y or z are
not controlled and it can look strange. A clear example is the component y
of finger- and palm-effector. This is not important as long as they do not
affect the trajectory of the components which participate in the algorithm.
The last phase will look for the best grasp among the valid solutions.
Fig. 4.34 shows the final position and Fig. 4.35 the final orientation
reached by the different end-effectors at the end of the third phase of the
experiment. And Fig. 4.36 displays the arm and vehicle joints values during
the same phase of the experiment.
As expected, the last phase of this experiment accomplishes much more
tasks than the last phases of the previous experiments. The use of the vehicle
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Figure 4.27: Trajectory followed by the finger-effector (top)
and middle-effector (bottom) during the first
phase of first iteration of the Third Experiment.
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Figure 4.29: Trajectory followed by the finger-effector (top)
and middle-effector (bottom) during the first
phase of the second iteration of the Third Experiment.
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Figure 4.30: Arm (top) and vehicle (bottom) joint values
during the first phase of the second iteration
of the Third Experiment. Upper and lower limits described with dashed lines.
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Figure 4.31: Orientation reached by the finger-effector during the second phase of the second iteration of
the Third Experiment.

duplicate the number of joints available, increasing the variety of configuration reachable by the system.
The pose reached by the real end-effector is then given as output of the
algorithm.
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Figure 4.32: Trajectory followed by the finger-effector(top)
and palm-effector (bottom) during the second
phase of the second iteration of the Third Experiment. Upper and lower limits described
with dashed lines.
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Figure 4.33: Arm (top) and Vehicle (bottom) joint values
during the second phase of the second iteration
of the Third Experiment. Upper and lower limits described with dashed lines.
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iteration of the Third Experiment. Upper and
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during the third phase of the second iteration of
the Third Experiment. Upper and lower limits
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4.5 Conclusions
Once the scene has been reconstructed, the next step consists on separating
the object of interest from the rest of the scene and calculating a grasping
pose that ensure a robust grasp.
A grasp planning framework that make it possible has been introduced
in this chapter. First, the framework takes as input the point cloud of the
scene, detects the objects placed there and estimates their sizes. The object
that better fits with a series of predefined conditions is selected.
Then, a grasp planning algorithm, based on the Task-Priority algorithm,
is in charge of calculating the grasping pose that fulfil in a greater way a
hierarchy of tasks and that strictly accomplishes a set of constraints that
depend on the object and gripper sizes and the configuration of the robotic
system. To do so, it simulates the movements that the system would perform
while it is trying to reach a valid pose.
Three experiments have proven the correct functionality of the framework. In the first two experiments, the framework is able to calculate a valid
grasping pose reachable without moving the vehicle. This avoids the higher
inaccuracies produced by the vehicle displacements. The object of the third
experiment is not reachable without moving the vehicle, but the framework
is also able to overcome this problem and find a solution by allowing vehicle
movements during the simulation.

Chapter

5

Grasp Execution
This chapter presents a methodology for grasping an object taking as input
its grasping pose. The methodology uses the Multi-Task Priority Framework, explained in the Chapter 3, for deciding the movements the system
must do to reach the desired pose.
The grasping process has been divided in four phases. The first phase
moves the end-effector to a pose that facilitate the posterior approximation movements. In the second phase the end-effector reaches the grasping
pose following the approximation direction previously defined by the Grasp
Planner. In the third phase the object is grasped. And finally, the system
is able to recover the object. For each one of the phases, different tasks and
constraints are defined that guarantee the correct execution of the grasping.

5.1 Motivation
After the object of interest has been detected and the grasping pose calculated, the grasping must be executed. To do so, it is not a good idea to
move the end-effector directly to this pose, since the fingers of the gripper
could collide with the object when they are reaching their final pose. Thus,
a methodology that guarantee that the grasping pose is reached following a
proper approaching direction is needed.
Moreover, I-AUVs have joint configurations that favour their performance. For example, keeping the center of masses of the arm align with
the center of masses of the vehicle usually improve the stability control of
the vehicle. As a consequence, if the system is able to perform the grasping
keeping theses configurations, the likelihood of success increases.
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Figure 5.1: Flowchart of an autonomous underwater grasping intervention. The third of the phases of
the intervention consists on executing the grasp.
This phase is composed by three subphases
(green). First, the gripper is of the manipulator
is guided to a position close to the object, then it
is conducted to the grasping pose and the gripper is closed and finally, the object is lifted from
the floor.
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5.2 Methodology
This section details the methodology followed for executing an object grasping once the grasping pose has been planned. This methodology guide the
end-effector of the system to the final position respecting the approaching
direction defined by the grasping frame. Moreover, it uses the Multi-Task
Priority algorithm for calculating in each moment the velocities that have
to be sent to each of the system joints. Thus, it permits the definition of
several hierarchical tasks for each of the methodology phases. These tasks
are in charge of achieving the main goal but respecting, as far as possible,
the configuration system preferences.
The methodology has been separated in four phases that are explained
hereinafter.

5.2.1 Pre-Grasping Pose
The goal of the first phase is to conduct the end-effector to a position that
facilitate the posterior approaching movements. If the end-effector goes directly to the final pose, it is quite probable that the fingers collide with the
object during the trajectory.
To avoid that, a pre-grasping pose is defined. This pose has the same
orientation than the grasping pose but it is displaced in the −z direction a
distance large enough to avoid that any part of the gripper is in contact or
around the object when it is reached. It is worth remembering that the z
component of the grasping pose defines the approaching direction.
Supposing that the grasping pose is considered the origin, and the distance between the pre-grasping and the grasping poses is d. The tasks defined for this phase can be seen in the Table 5.1.
Table 5.1: Tasks defined for reaching the pre-grasping pose

Priority

Task
x, y = 0

1
z = −d
2

roll, pitch, yaw = 0

3

F avourableConf iguration

For this phase, the tasks with highest priority try to reach the position
defined by the pre-grasp pose. In the second stage appear the tasks that
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orient the end-effector properly. Apart from these needed tasks, optional
tasks can be added with lower priorities. These tasks intend to keep a system
configuration that favours the grasping performance.
This phase finishes when the velocities returned by the Multi-Task Priority Algorithm are lower than a certain value. If in that moment, the endeffector is not close enough to the pre-grasp position, the intervention is
cancelled. Otherwise, next phase starts.

5.2.2 Grasping Pose
During the second phase of the methodology, the end-effector is guided to
the grasping pose. The definition of the pre-grasping position displaced in
the −Z direction, enforce the system to move the end-effector following the
approaching direction. If the grasping pose has been properly defined, this
direction will avoid the collision between the gripper fingers and the object
during the system movements.
The tasks of this phase are detailed in the Table 5.2.
Table 5.2: Tasks defined for reaching the grasping pose

Priority

Task
x, y, z = 0

1
roll, pitch, yaw = 0
2

F avourableConf iguration

In this case, it is as important the orientation as the position, thus all
the tasks that conduce the end-effector to the grasping pose, are in the
same level. As in the last phase, the lowest priority level is used to keep an
appropriated system configuration.
When the algorithm returns low velocities the phase finishes. If the endeffector is close enough to the correct pose, the methodology can continue.

5.2.3 Grasping
In the third phase, the gripper must close its fingers until the object is
properly grasped, at the same time that the I-AUV is keeping the current
end-effector pose.
It is assumed that, when the gripper is completely closed, its joint value
is 0, the tasks defined for this phase are described in the Table 5.3.
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Table 5.3: Tasks defined for grasping the object.

Priority

Task

1

gripperOpening = 0
x, y, z = 0

2
roll, pitch, yaw = 0
3

F avourableConf iguration

The task with higher priority tries to close the gripper. Moreover, in the
second level, the system is trying to keep the end-effector in the grasping
pose. Last, in the third level, a good system configuration is maintained.
This phase finishes when the system detects that the object has been
robustly grasped.

5.2.4 Lifting
The last phase of the methodology starts when the object of interest has
already been grasped. In this phase, the object is moved away from the sea
floor.
To do so, the tasks described in the Table 5.4 are used.
Table 5.4: Tasks defined for grasping the object.
Priority

Task

1

gripperOpening = currentV alue

2

worldz = currentV alue − d

The gripper must keep its current opening value in order to continue
applying the force over the object and not to loose it. In the second level,
the end-effector moves up a predefined value, d, in order to separate the
object from the floor and being able to perform next movements avoiding
possible collisions with the floor.
At the end of this phase, the intervention has finished and the I-AUV
can go back to its home position with the object grasped.
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5.3 Experimental Results
Three experiments have proven the suitability of the methodology. The
manipulator used in the three experiments is the ECA-CSIP Light weight
ARM5E [Fernández et al., 2013]. This manipulator is composed by 4 joints
(slew, shoulder, elbow and jawRotate) plus an extra joint for closing and
opening the gripper (jawOpening). In the first two experiments, the arm
have been attached to a fixed platform inside a water tank. This platform
substitute a vehicle performing station keeping. In the last experiment, the
manipulator is attached to the Girona 500 AUV [Ribas et al., 2012], which
has 4 degrees of freedom (x, y, z, yaw).
In order to detect when the gripper has grasped the object with enough
force, the current used by the arm is monitored. Thus, during the grasping
phase, when the current reaches a peak higher than a certain value, the
gripper stops closing and the phase finishes.

5.3.1 Favourable Configuration
A series of tasks have been defined for keeping a favourable system configuration during the three experiments (slew = 0, shoulder = 1 and elbow = 0.7).
If the slew joint is at its 0 value, the arm is placed aligned to the vehicle,
thus, the center of masses of the arm and vehicle are also aligned. This
position favours the stability of the vehicle when performing movements.
On the other side, it is preferable to avoid that the joints reach their
limits, since an error detecting these limits could produce motors overheating. Another handicap is that the used manipulator is more accurate and
performs better when the joints are far from their limits. For that reasons,
two tasks that tries to keep the shoulder and elbow joint in the middle of
their ranges have been defined.
These tasks have been placed in the hierarchy level reserved for the
F avourableConf iguration during the experiments.

5.3.2 First Experiment
The object grasped in the First Experiment is an amphora. This experiment
continues the F irstExperiment described in the Chapter 4. In that experiment, the planner returned a grasping pose, and assured that it could be
reached moving only the manipulator.
The grasping pose given by the planner with respect to the arm base
is (x = 0.1428, y = −0.1279, z = 0.9724, roll = 0.0226, pitch = 0.2122,
yaw = 2.5180). And, the pre-grasping pose have been defined at 15cm from
the grasping pose in the −Z direction.
Three stopping criteria have been defined for this experiment:
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• The sum of the velocities returned by the Task Priority Algorithm is
lower than 0.001rad/s.
• The current position of the end-effector is closer than 0.5cm from
the goal position and the angle between the current and the desired
orientation is lower than 0.1rad.
• In the grasping phase, if the current used by the manipulator surpass
1.2A.
When a phase finishes, the decision of continuing or cancelling the intervention depends of the phase.
• At the end of the first phase, in order to continue, the distance between
the current position of the end-effector and the desired position must
be lower than 3cm.
• In the second phase, it is as important the position as the orientation,
and also more accuracy is needed. Thus, the maximum allowed error
is 0.1cm regarding the position and 0.05rad regarding the orientation.
• The success of the third phase depends on whether the object has been
grasped or not.
• At the end of the last phase, the I-AUV always goes back to the home
position.
Three figures show the results of the experiment. The Fig. 5.2 represents
the position and orientation of the end-effector with respect to the grasping
pose. The Fig. 5.3 presents the arm joint values. And the Fig. 5.4 displays
the current used by the manipulator.
Four dashed lines divide the figures in the four phases of the methodology
plus one initial phase that has as goal to open the gripper and get the
manipulator ready to start with the methodology.
The first phase tries to move the end-effector to the pre-grasping pose.
As can be seen in the Fig. 5.2, this pose cannot be completely reached. The
correct position has been achieved but the component pitch has not been
able to finish close to the 0 value. It means that this phase has finished
because the Task Priority Algorithm has not found any movement that improve the current state and the velocities sent are lower than the predefined
value. In spite of that, the final error is lower enough to continue with the
next phase.
In the next phase, the Grasping Pose is the goal. As the Grasp Planner
predicted, this pose is reachable moving only the arm. Thus, this phase
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Figure 5.2: Position and Orientation of the end-effector with
respect to the grasping pose during the First Experiment.
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Figure 5.3: Arm Joint values during the First Experiment.
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Figure 5.4: Current used by the Manipulator during the
First Experiment.

finishes when the positional and orientation error are lower than the defined
limits.
In the Figs. 5.3 and 5.4, it is easy to see how during the Grasping phase,
the jawOpening joint is going to 0 until the current surpass the threshold.
As the current limit has been reached before the gripper is completely closed,
it means that the object has been grasped.
Finally, the arm separates the object 10cm from the tank floor. And the
methodology concludes.

5.3.3 Second Experiment
The Second Experiment takes as input the pose calculated in the SecondExperiment
explained in the last chapter. In this case the object of interest is a black-box
mock-up.
The planner also determines that it can be grasped using only the manipulator. The grasping pose given by the planner with respect to the arm base
is (x = −0.2753, y = 0.011, z = 0.7004, roll = −0.0316, pitch = 1.2007,
yaw = 3.0674). And as in the last experiment, the pre-grasping pose have
been defined at 15cm from the grasping pose in the −Z direction.
In this experiment the stopping criteria and the decisions for continuing with or cancelling the methodology are the same than in the First
experiment.
Fig. 5.5 shows the position and orientation followed by the end-effector
during the experiment, Fig. 5.6 the joint values and Fig. 5.7 the current
consumed by the arm.
As in the last experiment, after opening the gripper, the Pre-Grasping
Pose must be reached. The end-effector is again able to reach the correct
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Figure 5.5: Position and Orientation of the end-effector with
respect to the grasping pose during the Second
Experiment.
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Figure 5.6: Arm Joint values during the Second Experiment.
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Figure 5.7: Current used by the Manipulator during the Second Experiment.

Pre-Grasping Position and only the pitch component of the orientation is a
bit displaced from its desired value. Thus, the algorithm can continues with
the next phase.
Once again, as can be seen in the Fig. 5.5, the prediction of the grasp
planner is good and the grasping pose can be reached using only the manipulator.
After arriving at the Grasping Pose, the manipulator starts closing the
gripper. At the moment that the fingers contact with the object with enough
force, the arm consume more than 1.2A and, at that moment the current
phase finishes.
Finally, the object is lifted 10cm from the tank floor and the algorithm
ends.

5.3.4 Third Experiment
The third experiment has been performed in the Sant Feliu harbour (Girona,
Spain) in 2017 during the experiments of the MERBOTS Project, coordinated by the Jaume I University and including the University of Girona and
the University of the Balearic Islands.
In this experiment, the object of interest is an amphora placed in the sea
floor (see Fig. 5.8). The planner detects that the object cannot be reached
using only the manipulator. Thus, the planner returns the grasping pose
and also indicates that the vehicle must be used in the experiment.
The grasping pose given by the planner is (x = 0.598, y = 0.019, z =
1.458, roll = −0.452, pitch = 0.029, yaw = 1.748). And the pre-grasping
pose has been placed 30cm from the grasping pose in −Z direction.
The stopping criteria defined for this experiment are:
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Figure 5.8: Experimental setup for the MERBOTS Project
trial.
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The use of the vehicle affects the definition of the stopping criteria and
the range for advancing to the next phase. Usually the vehicles are less
accurate than manipulators and take longer to stabilize in a position. Thus,
the defined limits must be a bit more permissive but without affecting the
result of the intervention.
The stopping criteria defined for the experiment are:
• The sum of the velocities returned by the Task Priority Algorithm is
lower than 0.01rad/s.
• The current position of the end-effector is closer than 3cm from the
goal position and the angle between the current and the desired orientation is lower than 0.15rad during 5 iterations of the Task Priority
Algorithm.
• In the grasping phase, if the current used by the manipulator surpass
4A.
And the decision of continuing or cancelling depends on:
• At the end of the first phase, in order to continue, the distance between
the current position of the end-effector and the desired position must
be lower than 7cm.
• In the second phase, the maximum allowed error is 3cm regarding the
position and 0.15rad regarding the orientation.
• The success of the third phase depends on whether the object has been
grasped or not.
• At the end of the last phase, the I-AUV always goes back to the home
position.
In the Fig. 5.9 the position and orientation traced by the end-effector
with respect to the Grasping Pose is showed. Fig.5.10 represents the vehicle
position and orientation during the experiment. Fig 5.11 the joint values.
And Fig. 5.12 the current consumed by the arm.
At the begging of this experiment, the gripper is already open, thus, the
first phase of the methodology starts directly.
During the first phase, the end-effector is guided to the Pre-grasping
Pose. As was previously said, in order to conclude each phase, it is needed
to reach a concrete pose, but also to keep in range during a some iterations
of the Task Priority Algorithm. It is possible to see in the Fig. 5.2, how
the end-effector oscillate converging to a desired pose, until it achieves to
stabilize during a period of time. Once it happens, the next phase can start.
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Figure 5.9: Position and Orientation of the end-effector with
respect to the grasping pose during the Third
Experiment.
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In the second phase, the end-effector must reach the Grasping Pose. In
this phase, the end-effector spends less time stabilizing. This is due to the
goal and the current pose are closer. Thus the velocities returned by the
Task Priority Algorithm are lower. Once the end-effector is in the allowed
range during time enough, the current phase finishes.
In the third phase, the gripper is closing at the same time that the robot
is trying to keep the end-effector as close as possible to the Grasping Pose.
When the current consumed by the manipulator reach the defined threshold,
the current phase finishes.
Last, the robot must separate the amphora 1m from the sea floor, then
the intervention concludes.
It is also remarkable how the tasks in charge of keeping a favourable
configuration have actuated in this experiment. Fig. 5.11 shows the slew
joint, which did not start parallel to the center of masses of the vehicle, it
is at its 0 value, has been positioned at this value and has been maintained
there during the whole experiment. This has been possible thanks to the
degrees of freedom of the vehicle which allow to perform the defined tasks
without having to use the slew joint.

5.4 Conclusions
In this chapter, a methodology based on the Task Priority Algorithm for
grasping an object taking as input its grasping pose has been presented.
This methodology has been divided in four phases. This phases allows
the end-effector to reach the pose defined as Grasping Pose, following the
approximation direction that this pose defines. And, grasping the object
detecting when it has been grasped with enough force and separating the
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object from the floor before the robot can go back to its home position with
the object grasped.
Three experiments have proven the suitability of the methodology. In
the first two experiments an amphora and a black box mock up have been
respectively grasped using only arm movements. The last experiment shows
the results of the MERBOTS Project, where the methodology was used to
recover an amphora from a harbour using both a manipulator and a vehicle.

Chapter

6

Toolbox for Improving
Reliability
6.1 Introduction
This chapter presents two methodologies for detecting problems during an
intervention and correct them.
First, an algorithm for controlling the position of the end-effector during
the intervention has been described. A camera attached to the base of the
manipulator records the scene, and each time a marker placed at the gripper
appears at the scene its pose is estimated. This pose is used to calculate the
position and orientation of the end effector in each moment. After that, the
Inverse Kinematics Algorithm gives the real state of the arm joints. In case
the internal value of the joints differs from the real ones, they are updated.
Secondly, a methodology that detects collisions during the approaching
phase and correct the trajectory in case they appear is detailed. For this
methodology, a force-torque sensor has been attached at the wrist of the
gripper. During the approaching phase, the values returned by the sensor
are read. If a contact is detected, according to the current position of the
end-effector and the direction of the force detected, the trajectory is modified
to continue with the intervention.
Both methodologies have been successfully tested in real experiments.
Moreover, the first algorithm have been published in an JCR journal. Concretely in the Annual Reviews in Control Journal [Peñalver et al.,
2015b].
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Figure 6.1: Flowchart of an autonomous underwater grasping intervention. Whilst the I-AUV is moving,
two tasks are in charge of controlling that the
movements are appropriate and correct them in
case it is needed (green). The first task visually monitors the trajectory of the manipulator and the second one detects collisions using
a force/torque sensor.
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6.2 Motivation
It is not unusual for kinematics errors to occur in robotic arms due to bad
initializations or miscalibration of the joints.
The initialization of the Light-Weight ARM5E robotic arm [Fernández
et al., 2013] consists on guiding the joints to their limits at the same time
that the consumed current is monitored. When a current surpasses a defined
value, the arms stops and the current position of the joint is saved. The
saved values define the initial position of each of the joints. The problem is
that these positions are not always exactly the same, producing uncertainty
obtaining the position and orientation of the end-effector.
Moreover, the arm sometimes suffer from joint miscalibration, specially
when they are moving close to the joint limits.
The errors produced by the bad initialization are quite smalls compared
with the ones produced by the joint miscalibration. But even an small error
in one of the first joints, can mean a big error at the end-effector position.
For that reason, if an intervention requires accurate movements of the
manipulator, the use of methodologies to correct the possible errors that
could appear, is crucial.

6.3 Visually Kinematic Controller
A new algorithm has been developed to control, in an autonomous way,
that the movements performed by the Light-Weight ARM5E robotic arm
and correct them during an intervention.
The algorithm calculates the position and orientation of the end-effector
with respect to the base of the arm by estimating the pose of a known
marker placed at the gripper of the manipulator.
This algorithm is used to automatically calculate the extrinsic parameters of the camera with respect to the base of the arm at the beginning of
an intervention. And to update the values of each joint of the robotic arm.

6.3.1 Marker Detection
An AR marker is a white figure with a known size drawn over a black square
(see Fig. 6.2). As have been said before, this marker is attached to known
place of the robotic arm, in this case at the gripper. This marker is detected using the ARToolkit library [Kato and Billinghurst, 1999]. Despite
ARToolKit is a software library for building AR applications, the library
provides multiple methods for detecting and localizing the position and orientation of the marker.
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Figure 6.2: AR marker attached at the gripper of the
ARM5E manipulator.

6.3.2 Transformation between the Camera and the End-Effector
Once the marker has been detected, the previous algorithms provide its pose
with respect to the camera (cMm, which is the homogeneous matrix that
represents the relationship between two frames, in this cases the camera
c and the marker m). Therefore, the next step consists in obtaining the
transformation between the camera and the end-effector of the arm (cMe).
For this, it just needed to multiply the homogeneous matrix between the
camera and the marker (cMm) by the relationship between the marker and
the end-effector (mMe), which must be known:
cMe = cMm ∗ mMe
For this experiment, the markers has been placed on the top of the
gripper and the end-effector of this arm is in the tip of this gripper. Thus,
the transformation between the markers and the end-effector, depends, in
addition to the static measures (see Fig. 6.3), on the opening of the gripper
at each moment.
The relationship between the marker and the end-effector for this gripper, is detailed as follows:
• The first transformation is a rotation around the x axis (R1x) in order
to place the marker frame parallel to the palm of the gripper followed
by a translation about the y (T1y) and z (T1z) axis in order to place
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Figure 6.3: Static transformations between the marker and
the end-effector.
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the frame in the joint of the wrist of the gripper which allows the arm
open and close the gripper (mMw):
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• The second transformation is a rotation around the x axis, which depends on the opening α of the hand in each detection of the marker:
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• The next transformation is a translation about the y (T3y) and z
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(T3z) axis in order to place the frame in the position of the endeffector (wMe):
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• Finally, two rotations around the x (R4x) and z (R4z) axis are needed
to orientate the frame like the end-effector frame:
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As a result, the transformation between the marker and the end effector
(mMe) is:

− sin(R4z )
 cos(R4z )


 σ sin(R4 ) cos(R4 ) σ
 2
z
z
2


 sin(R4 ) σ cos(R4 ) σ

z
1
z
1


0
0


0
−σ1
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0
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σ3 
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1

where:
σ1 = sin(α + R1x + R4x )
σ2 = cos(α + R1x + R4x )
σ3 = T3y cos(α + R1x ) − T3z sin(α + R1x ) +
T1y cos(R1x ) − T1z sin(R1x )
σ4 = T3z cos(α + R1x ) + T3y sin(α + R1x ) +
T1z cos(R1x ) + T1y sin(R1x )

6.3.3 Transformation between the base of the arm and the camera
In order to obtain the relationship between the base of the arm and the
camera (bMc), the arm is moved to a predefined configuration that allows
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the camera to see clearly the marker. At this moment, the arm waits until
the camera estimates the position and orientation of the marker and the
detailed algorithm calculates the transformation between the camera and
the end-effector (cMe) at this moment.
On the other hand, the relationship between the base of the arm and
the end-effector (bMe) is calculated by means of the direct kinematics of the
arm at this moment. Once these two matrices (cMe and bMe) have been
obtained, in order to calculate the transformation between the base of the
arm and the camera (bMc), just a product operation is needed:
bMc = bMe ∗ (cMe)−1
This part of the algorithm must be done preferably in a moment when
the user is sure that the arm is well calibrated, for example just after the
initialization, because the matrix obtained will be used in the next steps
and this matrix depends directly on the values of the joints.

6.3.4 Updating the joints
Once the process of initialization of the algorithm has been done, the camera
will be used to continuously detects the marker. For each detection, the
following steps are performed in order to obtain the real value of each joint
and update them:
1. Calculate the relationship between the base of the arm and the endeffector (bMe) at this moment, using the detection of the marker (cMe)
and the values calculated in the initialization of the algorithm (bMc):
bMe = bMc ∗ cMe
2. Obtain the real value of the joints (q), using the inverse kinematic
(IK) of the arm for the frame (bMe) calculated in the previous step:
q = IK(bMe)
3. Update the internal values of the arm with the values obtained in the
previous step.

6.3.5 Kinematic control of the arm
Due to the fact that the algorithm updates the internal values of the joints,
the user does not need to be careful about whether the marker is detected
or not. If during a period of time the camera cannot detect the marker,

120

6. Toolbox for Improving Reliability

the values of the joints are updated depending of its movement, whereupon
some errors due to miscalibration can be added, but in the moment that
the camera can detect the marker again, these errors are cancelled. Despite
the possible errors during the no detection time, these errors will always
be equal or smaller than the errors produced without the algorithm. This is
because the errors are produced when the arm is moving, thus the movement
executed by the arm from the last position without errors is always either
equal or smaller.

6.3.6 Experiment
During the experiments performed in the Sant Feliu harbour (Girona, Spain),
related to the MERBOTS project, an amphora was recovered in autonomous
way. This kind of interventions require a high precision since if the endeffector does not follow the planned trajectory, the fingers of the gripper
could collide with the object of interest or even the floor, being able to
damage any of the components.
The previously detailed algorithm was used to control the real position
and orientation of the end-effector during the intervention and to correct
the trajectory in case it is not the desired.
First of all and just after the arm initialization, the arm is guided to a
predefined position where the marker is clearly visible. Then the camera-arm
system is initialized and the intervention can start.
After the initialization of the components, and once the object of interest has been properly detected and the grasping pose determined, the
end-effector is conducted to this pose. Fig. 6.4 shows the arm joint values
returned by the system during the intervention, together with the joints
values fixed using the algorithm.
The differences between the corrected and the non-corrected joints are
quite evident, specially in the elbow joint. This joint started the intervention
in a position close to its limit, thus probably it suffered a miscalibration
previous to start the intervention. But, apart from this joint, the rest are
also continually being corrected according to the marker detections.
In order to realize how these joint errors affect to the position and orientation of the end-effector, the Direct Kinematics algorithm has been applied
to the corrected and non-corrected joints, obtaining the trajectories shown
in the Fig. 6.5.
As a result, the algorithm has corrected positioning errors higher than
5cm and orientation errors around 0.3rad. These errors could produce that
the gripper is not properly positioned when it is closed, and then, that the
object is not grasped correctly.
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Figure 6.4: Joint values returned by the arm and after being corrected using The Visually Kinematic Controller, during the MERBOTS trial experiment.
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Figure 6.6: Force-Torque Sensor with 6 degrees of freedom
built by the Optofocer company.

6.4 Contact Detection and Reaction
A methodology that reacts to possible collisions, during the approaching
phase, modifying the planned trajectory has been developed.
A force-torque sensor has been attached to the wrist of the gripper. Each
time a value higher than a threshold is read, the current state of the system
is studied. Depending on this state, the methodology guess if the gripper
has touched the object of interest or the floor. This assumption is used to
correct the trajectory that the end-effector must follow, allowing the system
to complete the intervention satisfactorily.

6.4.1 Force-Torque Sensor
As was said before, a force-torque sensor has been placed at the wrist of
the gripper. In concrete, the sensor is the Optoforce HEX-70-CE-2000N
[Optoforce, ].
This sensor provides 6 degrees of freedom force and torque measurements. Its dimensions are 20 x 70 mm and its weight 165 g (see Fig. 6.6). It
supports forces of 2000N compression, 800N tension and 300N in x and y.
On the other hand, the torque measured can reach to 15N m in x and y, and
10N m in z. Having an accuracy of 3% of the full scale of each component.
The sensor has a maximum sampling frequency of 1000Hz, and can
be run in Windows and Linux, having a ROS (Robot Operating System)
package available for controlling it.

6.4.2 Contact Detection
The previously described sensor is used to detect contacts between the gripper and the environment.

6.4. Contact Detection and Reaction
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When the manipulator is ready to start the approaching phase, the sensor is reset and hereinafter, the values returned read.
During this phase, the gripper is supposed to be oriented with the fingers
pointing, more or less, to the object of interest, thus, they would be the first
in contacting with the object or even the sea floor, in case something was
wrong.
Due to the sensor is placed at the wrist of the arm, when one of the fingers
contact with something, the force applied will try to turn the sensor. For that
reason, in this application, the torque is more useful for detecting contacts.
Moreover, when the manipulator is moving, the weight of the gripper can
affect the values returned by the x and y components of the torque. Thus,
the z component is more suitable for controlling the possible collisions of
the gripper.
Then, when the norm of the value returned by the component z of the
torque surpass a predefined threshold, the arm stops.

6.4.3 Trajectory Modification
When a contact is detected, this must be studied and some decision have to
be taken to continue with the intervention.
First step is to recognize if either the object of interest or the sea floor
are in contact with the gripper. Knowing the shape of the gripper and
obtaining the pose of the end-effector using the Direct Kinematics, it is
easy to calculate the current position of each of the four extremes of the
fingers. If one of them has surpass more than 75% of the theoretical size of
the object, it is supposed that the sea floor has been touched. Otherwise,
the object of interest is supposed to be in contact with one finger.
In case the supposition is the sea floor, the trajectory is changed in order
to move the end-effector 5cm in the direction of the normal of the sea floor,
and then, the approaching phase finishes, the sensor detection is stopped
and the gripper starts closing to grasp the object.
On the other hand, if the object has been touched, it is necessary to
calculate with which finger. To do so, the current pose of the end-effector
with respect to the object of interest is studied. Depending on the inclination
of the z component of the end-effector with respect to the maximum moment
of inertia of the object, it is possible to discard two of the fingers, because in
the same side of the gripper there is another finger closer to the object. Then,
depending either the z component of the torque is positive or negative, the
correct finger can be obtained.
Once the finger is found, the trajectory is modified to continue with
the intervention avoiding this contact. First, the end-effector is moved 5cm
against the approaching direction, then 5cm in y or −y direction of the
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current end-effector pose, to separate the finger from the object. This last
translation is also done to the final grasping pose. Then, the approaching
phase restarts, continuing reading the sensor values.

6.4.4 Experiments
Two experiments have been done in a water tank with the arm ARM5E
attached to a fixed platform. In both, an amphora is tried to be grasped
but, the grasping poses have been modified to test if the reactions to the
collisions are appropriate. In the first experiment, the final pose has been
translated to achieve that the fingers contact with the floor. And, in the
second one, the final pose has been displaced to see how the arm reacts
when a finger touches the object during the approaching phase.

Floor Contact
Fig. 6.7 shows the values of the four joints of the arm plus the joint that
opens and closes the gripper, during the approaching phase of this experiment. In Fig. 6.8 can be seen the Cartesian position (x, y and z) followed
by the end-effector with respect to the Grasping pose. And Fig. 6.9 presents
the force and torque values returned by the sensor.
In the first experiment, the arm is moved to the Pre-grasping pose. Then,
the sensor values are zeroed and the approaching phase starts. During this
phase, the end-effector is guided to the Grasping pose, it is to the position
(0,0,0).
But, after the second 25, the norm of the z component of the torque
surpasses the 50N m which is the predefined threshold. At that moment the
arm stops and the contact is studied.
As the value of the used torque is negative, the right part of the gripper is
in contact with something, and this lower finger is at 3cm of the theoretical
floor, surpassing more than 85% of the theoretical object. For that reason,
the floor is supposed to be touched.
Then, the arm gripper is moved 5cm to the normal of the plane direction,
which approximately the same that the z component of the Grasping pose.
When the gripper is moved to the new Grasping Pose, the Approaching
phase finishes and the JawOpening joint starts closing the gripper.
It is worth noting how, as was said before, the z component of the
torque is not affected by the movement of the end effector, unlike the x and
y components.
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modified to achieve that the gripper contact with
the tank floor.

Object Contact
At this second experiment, the Grasping Pose has been displaced 10cm in
the y direction of the real Grasping Pose.
Fig. 6.10 shows the values of the four joints of the arm plus the joint that
opens and closes the gripper, during the approaching phase of this second
experiment. In Fig. 6.11 the Cartesian position (x, y and z) followed by
the end-effector with respect to the Grasping can be seen. And Fig. 6.12
presents the force and torque values returned by the sensor.
As in the last experiment, the arm is moved to the Pre-grasping pose.
Then, the sensor values are zeroed and the Approaching phase starts.
After that, the arm is guided to the Grasping pose reading at the same
time the z torque returned by the sensor.
Previous to the second 20, the norm of the z torque surpasses the 50N m,
which means that a contact exists. At that moment the arm stops and the
contact is studied.
The value returned is negative, thus the lowest finger of the right part
of the gripper is in contact with something. The extreme of the finger is
not lower enough to consider that the contact is with the floor. Thus, it is
supposed that the object of interest has been touched.
In order to avoid contacting with the object, the end-effector is moved
5cm in the z direction of the Grasping pose. Then, as the right finger is
the one involved, the end-effector is moved 5cm in the y component of the
Grasping pose direction (see Fig. 6.11). The Grasping pose is also moved
5cm in its y direction, to modify the trajectory that the end-effector is going
to follow, and avoiding contacting with the object during this phase.
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Figure 6.10: Joint values returned by the arm during the
approaching phase of the experiment modified
to achieve that the gripper contact with the
object of interest.

After doing that, the end-effector can finally reach the new Grasping
pose, and then the Approaching phase finishes.

6.5 Conclusions
This chapter describes two methodologies for controlling some of the errors
that can appear during an intervention and try to fix them.
The first methodology controls the position and orientation reached by
the arm end-effector during an intervention. This is based on the detection
of a marker, with a known size, placed on the gripper. This detection is done
using a camera, which is recording during the whole intervention, placed on
the base of the arm.
Each time the camera detects the marker, its pose is calculated. This
pose can be transformed to obtain the current pose of the end-effector. Using
the Inverse Kinematics algorithm the current joint values can be obtained.
If the joints values returned by the arm differ from the ones returned by the
algorithm, the first ones are updated.
The algorithm have been successfully tested during the MERBOTS
Project experiments. Where it was used to correct the trajectory followed
by the end-effector whereas the I-AUV is recovering an amphora in an autonomous way.
Secondly, a methodology for detecting contacts between the gripper and
the environment and correct the trajectory for avoiding them has been presented.
This methodology is based on the installation of a force-torque sensor
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Figure 6.11: Cartesian position followed by the end-effector
with respect to the Grasping Pose, during the
approaching phase of the experiment modified
to achieve that the gripper contact with the
object of interest.
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at the wrist of the manipulator. During the approaching phase, the values
returned by the sensor are read. If a collision is detected, the current position
and orientation of the end-effector is studied to detect if the gripper is in
contact with the object of interest or the floor.
Then, the trajectory is changed to avoid this collision and to continue
with the grasping in a satisfactory way.

Chapter

7

Conclusions
This chapter concludes the work presented throughout this document. It
first summarizes the thesis by reviewing the contents described in each chapter. Then, the research contributions extracted from the proposal and the
experiments are pointed out. Additionally, some interesting future research
issues are commented in the future work section. Finally, the publication
related to this work are listed.

7.1 Summary
Introducing autonomous systems to perform underwater intervention tasks
has supposed the appearance of new problems that need to be researched.
In this thesis, the problem of autonomously grasping an unknown object in
an underwater scenario when the I-AUV is close to the object of interest,
has been studied. This problem encompasses the reconstruction of the scene
for obtaining the needed information about the object of interest, the calculation of the grasping pose with the highest probability of success, and the
proper guidance of the manipulator gripper to the obtained grasping pose.
Chapter 2 introduced an approach to autonomously reconstruct the
scene where the object is located. This makes possible to scan the scene
from multiples views and closer to the object of interest, obtaining a more
accurate and complete reconstructions compared with usual approaches.
The comparison of the reconstruction of four objects using some of these
approaches has also been presented.
In addition, Chapter 2 described an algorithm for optimizing the process
of reconstruction. This algorithm reduces the time spent in detecting the
laser peaks on the images.
Chapter 3 presented a kinematic control framework for redundant robots.
It integrates, in a unified framework, the treatment of multiple tasks, mul-
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tiple kinematic chains, different joints priorities and hard constraints. Two
simulated experiments have demonstrated the capabilities of the framework.
An alternative that takes as input the point cloud of an scene and plans
a grasping has been presented in the Chapter 4. The algorithm detects the
object of interest from the point cloud of the scene, and looks for the grasping
pose that better fulfils a hierarchy of tasks and strictly accomplishes a set of
constraints. Three experiments have proven the adequacy of the algorithms.
A methodology that properly guides the end-effector of a manipulator
to a grasping pose taken as input, has been detailed in the Chapter 5.
Three grasping interventions have been performed using the methodology
to evidence its suitability.
Finally, the Chapter 6 described two methodologies for detecting problems during an intervention and correct them. The first one, controls the
position and orientation reached by the end-effector using a camera. The second methodology, detects contacts between the gripper and the environment
using a force-torque sensor, and correct the trajectory of the end-effector for
avoiding them.

7.2 Contributions
This main goal of the thesis has been fulfilled developing a set of methodologies that, all together, can solve the main goal of the thesis which consists on
autonomously grasping an unknown object in an underwater scenario. Furthermore, the algorithms are simple to use and easily adaptable to manipulators with different morphology. In the development of this goal, various
research contributions were achieved. these contributions are listed below:
• A new approach for 3D reconstructing an underwater scene from multiple points of views. Placing a laser stripe emitter and a camera at the
forearm of a robotic arm, while the arm is moving, the laser scans the
scene and the camera records it. The fact of positioning the camera at
the arm makes possible to see the scene from different points of view
and from positions closers to the object, obtaining a more accurate
and complete reconstruction.
• An extension of the Reverse Priority framework for kinematic control of redundant robots. It integrates, in an unified framework, the
treatment of multiple tasks, multiple kinematic chains that can share
several joints, different joint priorities and hard constraints in the joint
and Cartesian space.
• A method for segmenting a point cloud of a scene with objects placed
on a flat surface and estimate the object sizes.
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• A framework for obtaining the grasping pose that better fulfil a hierarchy of tasks and that accomplishes a set of constraints, using the
Multi-Task Priority Algorithm.
• A methodology for updating the arm joint values by detecting a marker
placed on the gripper using a camera.
• An algorithm able to correct wrong trajectory of the end-effector during the approaching phase, by detecting collisions using a force-torque
sensor.

7.3 Future lines
The work that has been presented throughout this document leads to a large
number of interesting issues that should be addressed in the future. Among
them, we specially remark the following:
Scene Reconstruction
Although the proposed methodology have shown promising results, further
work needs to be done to improve the quality of the reconstructions. The results obtained reconstructing illuminated scenes are not good enough, thus
developing new methods for detecting the laser peaks in this kind of scenarios would be interesting.
The trajectory followed by the end-effector during the scan has been
defined previous to the intervention. This means that the distance between
the camera and the objects during the reconstruction depends on the scene.
If the system were able to dynamically modify the trajectory taking into
account the distance between the camera and the objects, the accuracy of
the reconstruction would increase.
Once the reconstruction has finished, an algorithm that studies the point
cloud obtained to calculate a new end-effector trajectory that makes possible to reconstruct parts of the object hidden for the camera in the first
trajectory, would produce a more complete point cloud.
Grasp Planning
The described methodology requires to have the objects placed over a flat
surface. Improving the segmentation algorithm for all kinds of surfaces would
be able to solve more realistic problems.
Concerning the estimation of the shape of the different objects, the proposed solution looks for the minimum bounding box that includes the object.
This is a valid option for simple grippers that wrap the object for grasping
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it. More dexterous gripper requires better shape estimations. Deep learning
algorithms could help to obtain the complete shape of an object from its
partial reconstruction.
Continuing with the shape estimation, it is quite common that objects
are partially buried in underwater scenarios. Thus, methodologies for detecting symmetries or convexity could help to approximate real shapes.
The presented method for estimating the object frame always try to
position it in the center of masses of the object. Even though this is a good
solution for the used gripper, other positions could be better options in some
object using when dexterous grippers are used, i.e. an object with a handle.

Grasp Execution
The Multi-Task Priority algorithm has been tested in simulated and real
scenarios. But a comparison with other kinematic control algorithms would
be also interesting.
Experiments using the described algorithm with more complex systems
like humanoids or robots with hyperredundant kinematic chains, would give
the algorithm a higher credibility.
A study about the computational time spent in each iteration depending
on the robot and the number of violated hard constraints, could specify the
limitations of the algorithm when it is going to be used in real time.
Finally, the algorithm could be extended by giving the option of deactivate tasks at certain moments, or changing dynamically the values of the
hard constraints. This would be useful for obstacle avoidance tasks or when
the goal is to keep an object in the field of view.

Improving Reliability
The more number of sensors used during an intervention, the higher probability of detecting errors and being able to correct them. An example could
be the use of tactile sensors at the fingers of the gripper, they could help to
detect if a grasp is robust enough.
The proposed methodologies can also be extended. The marker used in
the Visually Kinematic Controller, cannot be detected in dark scenarios.
Thus, a luminous patter could be useful in these kind of scenes.
The force-torque sensor is only used for detecting collisions, but it could
be also profitable for detecting if the object grasped is too heavy for being
lifted or if for any reason it has been released during its transport.
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7.4 Publications
Parts of this thesis have previously been published in the following journal
and conference papers:
International Journals
1. Palomeras, N., Peñalver, A., Massot-Campos, M., Negre, P., Fernández, J. J., Ridao, P., Sanz, P. J., Oliver, G. (2016). I-AUV docking
and panel intervention at Sea. SENSORS, 16, pp. 1-18.
2. Peñalver, A., Pérez, J., Fernández, J. J., Fornas, Sales, J., Sanz, P. J.,
Garcı́a, J. C., Fornas, D., Marı́n, R. (2015). Visually-guided manipulation techniques for robotic autonomous underwater panel interventions. Annual Reviews in control, vol.40.
3. Pérez, J., Sales, J., Peñalver, A., Fornas, D., Fernández, J. J., Garcı́a, J. C., Sanz, P. J., Marı́n, R., and Prats, M. (2015). Exploring
3-d reconstruction techniques: A benchmarking tool for underwater
robotics. IEEE Robotics & Automation Magazine, 22(3):85-95.
4. Fornas, D., Sales, J., Peñalver, A., Perez, J., Fernández, J. J., Marı́n,
R., Sanz, P. J. (2015). Fitting primitive shapes in point clouds: a practical approach to improve autonomous underwater grasp specification
of unknown objects. Journal of Experimental & Theoretical Artificial
Intelligence.
Boock Chapters
1. Pérez, J., Sales, J., Peñalver, A., Fernández, J. J., Sanz, P. J., Garcı́a,
J. C., Martı́, J. V., Marı́n, R., and Fornas, D. (2015). Robotic manipulation within the underwater mission planning context.Motion and
Operation Planning of Robotic Systems, pages 495-522. Springer.
International Conferences
1. Peñalver, A., Fernández, J. J., Soriano, A., Sanz, P. J. (2018). A multitask priority framework for redundant robots with multiple kinematic
chains under hard joint and Cartesian constraints. IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS 2018),
Madrid (Spain).
2. Peñalver, A., Fernández, J. J., Sanz, P. J. (2017). Autonomous underwater grasping using multi-view laser reconstruction. Oceans 2017
MTS/IEEE Aberdeen.
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3. Peñalver, A., Fernández, J. J., Sales, J. Sanz, P. J. (2015). Multi-view
underwater 3D reconstruction using stripe laser light and an eye-inhand camera. Oceans 2015 MTS/IEEE Genoa.
4. Sanz, P., Pérez, J., Sales, J., Peñalver, A., Fernández, J. J., Fornas, D.,
Marı́n, R., and Garcı́a, J. (2015). A benchmarking perspective of underwater intervention systems. IFAC Workshop on Navigation, Guidance and Control of Underwater Vehicles, Girona (Spain), 48(2):8-13.
5. Sanz, P. J., Peñalver, A., Sales, J., Fernández, J. J., Pérez, J. Fornas,
D., Garcı́a, J. C., Marı́n, R. (2015). Multipurpose underwater manipulation for archaeological intervention. 6th International Workshop on
Marine Technology (MARTECH) Cartagena.
6. Palomeras, N., Peñalver, A., Massot-Campos, M., Villacrosa, G. Negre, P., Fernández, J. J., Ridao, P., Sanz, P. J., Oliver, G., Palomer, A.
(2014). I-AUV docking and intervention in a subsea panel. IEEE/RSJ
International Conference on Intelligent Robots and Systems (IROS
2014), Chicago.
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8. Sanz, P., Peñalver, A., Sales, J., Fornas, D., Fernández, J. J., Pérez, J.,
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[Fernández et al., 2015] Fernández, J., Pérez, J., Peñalver, A., Sales, J., Fornas, D., and Sanz, P. (2015). Benchmarking using uwsim, simurv and
ros: An autonomous free floating dredging intervention case study. In
OCEANS 2015-Genova, pages 1–7. IEEE. (Cited on page 5.)
[Fernández et al., 2013] Fernández, J. J., Prats, M., Sanz, P. J., Garcı́a,
J. C., Marin, R., Robinson, M., Ribas, D., and Ridao, P. (2013). Grasp-

140

BIBLIOGRAPHY

ing for the seabed: Developing a new underwater robot arm for shallowwater intervention. IEEE Robotics & Automation Magazine, 20(4):121–
130. (Cited on pages 25, 47, 64, 100, and 115.)
[Fischler and Bolles, 1987] Fischler, M. A. and Bolles, R. C. (1987). Random sample consensus: a paradigm for model fitting with applications
to image analysis and automated cartography. In Readings in computer
vision, pages 726–740. Elsevier. (Cited on page 59.)
[Flacco and De Luca, 2014] Flacco, F. and De Luca, A. (2014). A reverse
priority approach to multi-task control of redundant robots. In 2014
IEEE/RSJ International Conference on Intelligent Robots and Systems
(IROS 22014), pages 2421–2427, Chicago, IL, USA. (Cited on pages 34,
35, 37, and 39.)
[Flacco and De Luca, 2015] Flacco, F. and De Luca, A. (2015). Unilateral constraints in the reverse priority redundancy resolution method. In
2015 IEE/RSJ International Conference on Intelligent Robots and Systems (IROS 22015), pages 2564–2571, Hamburg, Germany. (Cited on
page 35.)
[Forest et al., 2004] Forest, J., Salvi, J., Cabruja, E., and Pous, C. (2004).
Laser stripe peak detector for 3D scanners. a FIR filter approach. In Pattern Recognition, 2004. ICPR 2004. Proceedings of the 17th International
Conference on, volume 3, pages 646–649 Vol.3. (Cited on page 20.)
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