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Introduction

This thesis deals with the challenging problem of designing systems able to perceive
objects in unstructured and difficult environments. In the last decades research activ-
ities in robotics have advanced the state of art regarding intervention capabilities of
autonomous systems. This fascinating step forward is based on advances in several
research subfields: localization and navigation, real time perception and cognition,
safe action and manipulation capabilities. State of art in these fields, applied to envi-
ronments like ground (both indoor and outdoor) and space, has now reached such a
readiness level that it allows high level autonomous operations. On the opposite side,
the underwater environment remains a very difficult one for autonomous robots. Key
technologies like localization and perception must tackle still unsolved problems in
the underwater context. Water influences the mechanical and electrical design of sys-
tems, interferes with sensors by limiting their capabilities, heavily impacts on data
transmissions, and generally requires systems with low power consumption in order
to enable reasonable mission duration. Interest in underwater applications is driven by
needs of exploring and intervening in environments in which human capabilities are
very limited. Indeed, comparing with ground robotics, in which autonomous robots
mostly substitute human activities, underwater robotics is a matter of reaching new

frontiers that would not be reachable in other ways.



2 Introduction

Nowadays, most underwater field operations are carried out by manned or re-
motely operated vehicles, deployed for explorations and limited intervention mis-
sions. Manned vehicles are directly on-board controlled by human operators that stay
in the field of the mission, with advantages in terms of environment perception and
intervention capabilities. The risk of human presence in a hostile environment is the
most significant drawback of these solutions, together with reduced mission time.
Remotely Operated Vehicles (ROV) currently represent the most advanced technol-
ogy for underwater intervention services available on the market. Some specialized
companies offer ROV-based maintenance services, especially to Oil and Gas offshore
industries. These vehicles can be remotely operated for long time but they need sup-
port from an oceanographic vessel with multiple teams of highly specialized pilots.
Moreover, the umbilical cable, needed for remote control, is often a problem for deep
or far-away missions. Diffusion of ROV interventions is largely limited by impressive
mission costs that generally reach dozens of thousands dollars per day, mainly due to

vessels, vehicle remote control technologies and equipped rooms, and humans costs.

Increasing needs of long term missions for long range underwater operations im-
ply the unsuitability of manned vehicles as well as ROVs, for both costs and risks, and
have pushed research activities in autonomous underwater robotics. These activities
so far have been mainly focused on exploration and survey tasks with important appli-
cations in fields of oceanographic, geological, biological and archaeological sciences.
Vehicles equipped with multiple state-of-art sensors and capable to autonomously
plan missions have been deployed in the last ten years and exploited as observers for

underwater fauna, seabed, ship wrecks, and so on [1-6].

On the other hand, underwater operations like object recovery and equipment
maintenance are still challenging tasks to be conducted without human supervision
since they require object perception and localization with much higher accuracy
and robustness, to a degree seldom available in Autonomous Underwater Vehicles
(AUV). Indeed, the importance of underwater robots able to intervene in critical sit-
uations is ever more evident nowadays. Several fields would benefit from underwater
vehicles with autonomous manipulation capabilities: the science community could

exploit robots for sample collection and excavation and coring, offshore industries
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could perform maintenance activities more easily and at a fraction of current costs,
and moreover operations for disasters recovery and rescue would greatly benefit from
autonomous interventions in hostile environments.

This thesis reports the study, from design to deployment and evaluation, of a
general purpose and configurable platform dedicated to stereo-vision perception in
underwater environments. Several aspects and challenging topics related to the pe-
culiar environment characteristics have been taken into account during all stages of
system design and evaluation: depth of operation and light conditions, together with
water turbidity and external weather, heavily impact on perception capabilities. The
platform proposed in this work is a modular system comprising off-the-shelf com-
ponents for both the imaging sensors and the computational unit, linked by a high
performance ethernet network bus. This design philosophy aims at achieving high
flexibility in terms of potential perception applications, that should not be as limited
as in case of a special-purpose and dedicated hardware. Flexibility is required by the
variability of underwater environments, with water conditions ranging from clear to
turbid, light backscattering varying with daylight and depth, strong color distortion,
and other environmental factors. Furthermore, the proposed modular design ensures
an easier maintenance and update of the system over time.

Performance of the proposed system, in terms of perception capabilities, has been
evaluated in several underwater contexts taking advantage of the opportunity offered
by the MARIS project, described in the next chapter. Design issues like energy power
consumption, heat dissipation and network capabilities have been evaluated in differ-
ent scenarios. Finally, real-world experiments, conducted in multiple and variable
underwater contexts, including open sea waters, have led to the collection of several

datasets that have been publicly released to the scientific community.
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MARIS, Marine Autonomous Robotics for InterventionS

The testbed of the technologies developed in this thesis is the MARIS (Marine Au-
tonomous Robotics for InterventionS) research project. Supported by MIUR (Min-
istero dell’Istruzione, dell’Universita e della Ricerca) as a PRIN (Major National
Relevance) project, MARIS aims at studying and then developing and integrating
technologies and methodologies for deployment of underwater robots with interven-
tions capabilities and able to cooperate. In particular, the project final objective is
the realization of a proof-of-concept experimental demonstration in which two au-
tonomous underwater vehicles, equipped with developed technologies like sensors,
arms and grippers, detect a submerged pipe and recover it to the surface by perform-

ing a cooperative manipulation (fig.1) [7].

In order to pursue such ambitious objective, advances in a number of enabling
technologies must be achieved. In particular, control and guidance of the floating
base must be reliable and will exploit inertial sensors, doppler velocity meters, exter-
nal acoustic positioning systems and new sensor fusion techniques. Control of object
manipulation and grasping is integrated in the reactive control system of the entire
vehicle for optimal exploitation of the available degrees of freedom, based on ex-
tant constraints. The cooperation between robots must rely, at “vehicle-level”, on
advanced underwater communication techniques and, at higher level, on a mission
planning able to decompose tasks and distribute them to each agent [8]. Finally, each
vehicle must be able to perceive the underwater environment to reliably detect the
target object and to precisely estimate its position with enough accuracy to perform
grasping operations. Underwater perception is committed to stereo-vision techniques
mainly because of the lower costs and higher versatility of imaging systems with
respect to laser- or sonar-based systems. In the underwater environment computer
vision has both advantages and disadvantages, compared to other sensing modalities,
as will be discussed in the next section. Moreover, given appropriate water and light
conditions, computer vision becomes a key enabling technology for object localiza-
tion and manipulation. The philosophy behind the idea of cooperative manipulation

assumes the availability in the future of multiple underwater agents; therefore the
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Figure 1: The MARIS concept: a team of floating manipulators performing an underwater

cooperative intervention based on real-time perception of a target object.

overall cost of the perception system must be kept within reasonable values. This re-
quirement is satisfied by the design of the perception system developed in this thesis,
which is based on integration of off-the-shelf components and does not depend on

expensive custom-designed hardware.

Required perception accuracies, challenging manipulation targets and real-time
processing constraints of the MARIS project represent a test bench for the system
and techniques proposed in this thesis. Furthermore, the underwater experiments
conducted within the project have provided an opportunity to both collect datasets,
whose availability is very scarce if compared with out-of-water robotics, and perform
an on-the-field evaluation of the system. The design of the computer vision system
has been carried out according to a spiral development model, involving construction
of a preliminary prototype to gather early feedbacks from the field and to refine re-
quirements. The final system, fully integrated in the MARIS vehicle, incorporates the

improvements and suggestions resulting from the early prototype.
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This thesis is organized as follows. Chapter 1 describes further the problem ad-
dressed by this work together with the state of art, with a particular focus on under-
water systems for interventions. Preliminary studies, the deployment of a low-cost
system, and its evolution in the final developed platform are described in Chapter
2. Chapter 3 evaluates the vision system in perception tasks. The evaluation of the
developed system in real-world testing campaigns is discussed in Chapter 4. Chap-
ter 5 describes the integration of the vision platform into the AUV developed by the
MARIS consortium and the experiments that exploit perception in the manipulation
control loop. Finally, some conclusions and recommendations for future works are

proposed in the last chapter.



Problem Description and State of the Art

The increasing demand for underwater autonomous systems with interventions ca-
pabilities has driven the research in several fields. Floating control, localization and
navigation approaches, mission planning, cooperative strategies, manipulation and
grasping techniques are only some of topics involved in the step forward which is
needed to improve the readiness level of AUV systems. Perception of the scene and
environment understanding capabilities are among the key technologies on which
autonomous intervention applications rely. Main issues are generally related to the
capability of retrieving robust and reliable perceptual data while providing adequate
real-time data processing and coping with all constraints arising in the underwater en-
vironment. The limited perception capability is one of the main obstacles preventing

a larger progress of technologies for autonomous underwater interventions.

This research field was born at the beginning of the *90s with first experiments
of autonomous floating vehicles with manipulation capabilities. An extend survey
on the -rather slow- evolution of these systems is presented in [9], and main exper-
iments, from pioneering endeavors like UNION [10] to modern vehicles like TRI-
DENT [11], are there summarized (fig. 1.1). Worth mentioning are also other early
approaches to underwater autonomous manipulation like OTTER [12], ODIN [13]
and AMADEUS [14, 15] projects. AMADEUS, in particular, represented the first

attempt in developing a dexterous gripper suitable for underwater applications.
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According to Pérez et al. [9], the reasons behind the slow progress of this quite
new technology would be “complexities on required mechatronics (e.g. the vehicle,
hand-arm, all kind of sensors, etc.); very hard communication problems; intelligent
control architectures needed; letting apart the hostile environment inherent to under-
water (e.g. poor visibility, currents, increasing pressure with depth, etc.)”. Neverthe-
less, according to the “Long-term AUV vision” by Gilmour et al. [16] “the technol-
ogy for light intervention systems is still immature, but very promising. Intervention
AUVs are currently in level 3 out of 9 (9 meaning routinely used) of the development
cycle necessary to adopt this technology in the oil and gas industry, being expected
to achieve up to level 7 by the end of 2018.” This important motivation for pushing
research on all enabling key technologies is agreed also by Ridao at al. in their survey
on next challenges for AUVs [17].

(a) (b)

Figure 1.1: UNION, the first experiment of underwater manipulation in mid 90s (a). TRI-
DENT, the state of art of intervention AUV (b).

This thesis is focused on the perception in underwater environments based on
computer vision approaches. Although computer vision is a major sensing modality
in robotics, in underwater environments it is still a marginally investigated approach,
especially in applications in which perception should support manipulation tasks for

autonomous interventions. A confirmation of this fact comes by searching in the IEEE
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Xplore digital library all scientific papers with keywords “underwater vision” and fo-
cusing on main pertinent conferences (OCEANS - the flagship conference for marine
robotics, ICRA, IROS) of the last three years. The search returns a total of 103 arti-
cles and, among these, only 10 are related to object detection, interventions and 3D
reconstruction. Other works deal with image calibration and enhancement, naviga-
tion and SLAM and, finally, seabed inspection for biological or geological purposes.
The reasons that explain why computer vision is largely adopted in “out-of-water”
applications and only marginally used in underwater environments can be summa-
rized in two aspects: impact of water in light transmission and limited computational

power of embedded systems.

1.1 Alternative sensing modalities

Main alternatives to computer vision for underwater perception are represented by
acoustic and laser sensors. Ultrasonic sensing is a commonly used and robust un-
derwater perception modality, in particular for localization, seabed monitoring and
long-range detection of vessels wrecks, ruins or, in general, human artifacts. How-
ever, acoustic sensing is not suitable when an accurate and detailed reconstruction
of the object shape is required. Sonar array cameras have been developed which ex-
ploit the emission of multi-frequency acoustic signals for detection and recognition
of objects (fig.1.2). These systems allow 3D sonar imaging [18] and extend their ap-
plication to recognition tasks, but their high cost, limited resolution, and operational
complexity restrict their application domain. Furthermore, in scenarios of coopera-
tive robotic interventions, in which multiple to many autonomous robots work in the
same environment, problems of interferences between several active acoustic sensors

may arise and their coexistence should be studied and verified.

A rather extensive survey and comparison of state-of-art ultrasonic technologies
with vision in underwater scenarios is presented in [19]. Although some techniques
have been proposed, object detection with acoustic techniques is difficult and authors

point out that next challenges for this technology are related to terrain mapping and
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(@) (b)

Figure 1.2: DIDSON Camera developed by Sound Metrics Corporation (a); an example image
returned by the acoustic camera (b).

terrain based navigation. Furthermore, the authors also suggest that fields of seabed
reconstruction and fauna monitoring would take advantages from the deployment of
vision systems on underwater autonomous vehicles. The authors conclude that “A
major challenge for the underwater instrument designers and engineers is therefore
to be able to create and market modern equipment which is affordable not only to
the specialists and high-tech companies, and that is easy to use and deploy, and that
yields reliable results”. As it will be later discussed, the easiness of deployment and
maintenance and the reliability with multiple and different applications will be among

main guidelines for the vision system design, addressed in this thesis.

Other active sensors for underwater perception are represented by lasers. Under-
water laser scanners (fig.1.3.a) exploit an accurate modeling of light propagation in
water means [20]. Such sensors can provide high performance in term of resolution
and accuracy of acquired 3D images. However, underwater laser scanners are very
expensive (hundreds of thousands Euro) and affected by the same operating prob-
lems of vision systems, since they also rely on light transmission in water.

Finally, very short range perception could rely on structured light techniques.
This approach to object detection and pose estimation is described by [21]. This work
describes a system for underwater object manipulation where object perception is

achieved using a structured light laser attached to the forearm of the manipulator
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(fig.1.3.b). Unknown objects are successfully grasped in a water tank environment.
However, structured light systems are only available as research prototypes, suffer the
same problems of light propagation in water, and require long and slow movements
of the light emitter in order to reconstruct the scene.

Summarizing the survey on acoustic, laser, and mixed systems, it can be con-
cluded that huge costs and task specificity are the main issues that prevent a larger
adoption of these systems, making underwater computer vision an open and interest-

ing research field.

(a) (b)

Figure 1.3: An example of a short range underwater laser scanner with a point cloud 3D
reconstruction of a pipe (a). The structured light system proposed in [21]: system within the

water tank testbed and image retrieved with laser peak detection (b).

1.2 Underwater vision

Artificial vision applications in underwater environments started to be adopted in
tasks that do not require online processing. Tasks of seabed mapping with image mo-
saicing [22] can be planned with a preliminary environment exploration for images
and data collection followed by an offline data processing task. This approach per-
mits both to keep the underwater vision system as simple as possible and to exploit
the performance of conventional computational units. Furthermore, the algorithmic
approach to the problem does not face time-related constraints and several techniques
of image restoration, enhancement and deblurring can be performed. Applications of
seabed mapping are generally based on feature detection and association between

multiple images with techniques translated from standard, out-of-water computer vi-



12 Chapter 1. Problem Description and State of the Art

sion methodologies.

Feature-based techniques are also exploited in underwater navigation methods
based on SLAM approaches. In underwater environments, navigation is indeed a
challenging problem due to generally poor vehicle odometry and absence of GPS
signal. The readiness level of SLAM methods in standard robotics has made them
attractive also for underwater applications and some feature-based approaches have
been studied so far [23]. Nevertheless, water environment peculiarities impose further
investigations. The underwater environment indeed brings difficulties that prevent an
easy re-use of technologies and methodologies already deployed and validated in
other robotic fields like ground, air and even space. These difficulties mainly come

from water and its response to signal transmission which results limited and distorted.

Water turbidity, color aberrations, light reflections and back-scattering phenom-
ena represent the major problems with underwater computer vision applications. Fur-
thermore these problems depend on several aspects like working depth, weather con-
ditions, water surface movements, sandy or rocky seabed and, in general, the natural
environment in which the application is deployed. Several aspects have been stud-
ied so far and some specific algorithmic solutions have been proposed. However, the
design of a reliable underwater computer vision system, able to operate in-field and
in such different conditions, must take care of those aspects and should be powerful
enough to support multiple processing pipelines.

As stated above, in underwater environments different scenarios lead to differ-
ent and multiple problems to be faced. Rahman et al. [24] state that in underwater
environment light refraction through multiple media (air, water, lens, etc.) leads to
an increment of the radial distortion. In the literature, different approaches for cam-
era calibration correction have been exploited. In particular, starting from the Brown
lens distortion model [25] several automatic correction methods have been proposed.
Gonzalez-Aguilera et al. [26] presented an iterative numerical approach for the au-
tomatic estimation and correction of radial lens distortion using a single image. The
proposed method used several geometric constraints such as rectilinear lines and van-

ishing points of a single image acquired in outdoor environment.

Water turbidity affects the performance of feature descriptors as presented by
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Garcia et al. [27] in an extensive comparison between different methods, although
not used for object detection purposes. Since underwater imaging suffers from short
range, low contrast and non-uniform illumination, simple color segmentation is one
of the few viable approaches. Several object detection algorithms [28-30] exploit
color segmentation to find one or more areas and perform a more accurate assess-
ment on the found region of interest. Aulinas et al. [31] search salient color regions
of interest in order to select stable SURF features as landmarks in SLAM applica-
tions. Without color segmentation, the data association is unreliable even for scene
description purposes. When searching for human made objects, regions of interest
could be detected by using criteria based on contour and texture information. This
problem has been addressed by Olmos et al. [32], however the proposed method does
not return a region in the image containing the object, but simply a binary decision

about the object presence.

1.3 Underwater stereo vision

Stereo vision systems have been only recently introduced in underwater applications
due to the difficulty of calibration and the computational performance required by
stereo processing. To improve homologous point matching performance, Queiroz-
Neto et al. [33] introduce a stereo matching system specific for underwater environ-
ments. Disparity of stereo images can be exploited to generate 3D models, as shown
in [34,35] and some further investigations have also been conducted on asynchronous
stereo vision system by Leone et al. [36]. Although the 3D reconstruction achieved
by underwater stereo vision may be satisfactory to represent the main elements of a
scene, its accuracy is generally not sufficient for the detailed perception required in
object detection and recognition, not to mention object manipulation.

In [30] the underwater stereo vision system used in the TRIDENT European
project is described. Object detection is performed by constructing a color histogram
in HSV space of the target object. In the performed experiments, there is an interme-
diate step between inspection and intervention where the real images of the underwa-

ter site to manipulate are available and used for acquiring the target object appearance
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and for offline training of the recognition system [37].

To our knowledge, TRIDENT represents the state of art of published research of
vision for underwater autonomous manipulation. In TRIDENT manipulation experi-
ments have been successfully carried out in clear waters in laboratory tanks [38,39]
and in the sea [11, 30], targeting an object with contrasting color and well defined
features. Object detection could take advantage from previously acquired underwater
images of the target object. A commercial stereo camera has been used (Bumblebee),
but apparently no stereo processing has been performed.

It is worth mentioning two recent endeavors regarding underwater 3D reconstruc-
tion, presented at OCEANS’15. Massot-Campos at al. [40] describe a sensor fusion
method for 3D reconstruction exploiting stereo vision and structured light, performed
with off-the-shelf imaging sensors. Results are promising and the point cloud den-
sity and completeness are increased with respect to purely stereo vision approaches.
However, tests have been performed in lab using a simulated environment and no de-
tails about the processing system are given. It is reasonable to assume that standard
computers have been used, still leaving open the question about the fully underwater
feasibility of the proposed approach. Bonin-Font at al. [41] present a stereo SLAM
approach for robust and dense 3D reconstruction. Results are also based on test ses-
sions performed in sea waters and authors state that images are grabbed at 10 fps and
algorithms “run online and simultaneously at the same rate”. It is unclear, however,
whether processing has been performed onboard or exploiting an auxiliary processing

unit in surface whose details, in any case, are not described.

1.4 Embedded systems for underwater vision

On the basis of the state of the art, it is evident that an underwater computer vi-
sion system could be effective in real-world context only if it is able to cope with
the variability of underwater environment conditions, exploiting multiple algorith-
mic approaches. So far, however, the processing units deployed with underwater au-
tonomous vehicles have fairly limited computational power, enough only to perform

simple and predefined perceptual tasks.
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Due to their very small form factor (90 x 96 mm), their modularity, and the def-
inition as a standard in the early nineties, PC/104 boards are widely used in under-
water applications. The first documented AUV exploiting computational units based
on PC/104 boards is REMUS [42], a semi autonomous vehicle developed in 1997 for
scientific and military missions such as coastal ocean surveys, pollution identifica-
tion and source tracking (fig. 1.4.a). The computational unit exploits an Intel 486SX
CPU which was released to the market seven years earlier, in 1990. The authors also
provide an interesting analysis about components power consumptions and how they
impact on batteries capacity and thus on reachable mission time. The performance
gap between components exploited in underwater ECUs and mainstream CPUs is
even more evident looking at SAUV vehicles [43]. These solar-powered autonomous
underwater vehicles (fig. 1.4.b) have been deployed in 2006 and the main SAUV
computer is a PC-104 stack with a 100 MHz x86 CPU, likely a Pentium or Pentium-
like processor. In the same period, the first Intel Core 2 Duo CPU was released to
the market, with a base operating frequency of 1.2 GHz. SAUV vehicles have been
designed for very long term missions so they clearly take advantages from systems
with low power consumption. On the other hand, an increased onboard computational
power accompanied with solar cells for battery recharge would have opened further
possibilities in terms of advanced sensors and autonomous operations for these sys-

tems.
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Figure 1.4: Illustrations of REMUS vehicle (a) and solar-powered autonomous vehicles
SAUV (b).

As a matter of comparison between the CPU used in the SAUV underwater sys-

tem and the one released to the market in the same period, some benchmarks can be
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analyzed. The website cpu-world.com [44] provides several benchmarking results for
both CPUs which are summarized in figure 1.5. The scale of “score” axis is logarith-
mic in order to better appreciate differences between tested CPUs. The modern CPU
performs better than the older one by about two orders of magnitude in most of the

tests.
1E+005

1E+004
1E+003
1E+002

H Pentium 100Mhz
1E+001 M Core 2 Duo E6300
1E+000

Figure 1.5: Available benchmark results for I00Mhz Pentium and 1.2GHz Core 2 Duo E6300.
Source: cpu-world.com [44].

Score [log]

Recently, Albiez et al. [45] have proposed a novel sensor head for autonomous
inspections of underwater structures [46]. The system exploits a high resolution cam-
era (AVT Prosilica GE1900C) and a structured light source based on a class IIIb laser
emitter. The computational unit relies on an Intel Core 2 Duo CPU, confirming the

trend of using processors of past generations.

In last years, with the broad diffusion of mobile devices, marine and underwater
hardware architectures take advantage from the availability of low power consump-
tion CPUs, like the Intel ATOM microprocessor family. Several papers published
in the last OCEANS’15 conference show that PC/104 systems are still a “de facto”
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standard for underwater computational units and they now exploit mobile, ultra-low-
power CPUs [47-50]. While Novi et al. [47] and Marouchos et al. [50] use x86
ATOM CPUs for their vehicles, the development of simpler applications like au-
tonomous buoy systems, as presented by Nishida et al. [49], could exploit ARM fam-
ily microprocessors. These CPUs, however, still offer limited computational power

with respect to other available CPUs for desktop or notebook systems.

This thesis aims at overcoming the bottleneck in underwater perception for au-
tonomous manipulation determined by dedicated processing systems with limited
performance. The thesis thus investigates the trade-off between computational power
and power consumption of a computer vision systems for underwater object detection
tasks. The goal is pursued by developing a high performance hardware architecture
whose deployment in an underwater sealed canister is feasible. This is not a trivial is-
sue because safe working conditions, including operation within thermal limits, must
be ensured to the system when it works both in air and in water. The vision system,
indeed, is designed to be integrated into an autonomous underwater vehicle which
is typically maneuvered in and out water and the various robot subsystems must run

safely across all operations.






Design of Underwater Vision Systems

Computer vision has been considered a promising sensing modality for several tasks
since early research studies regarding underwater autonomous applications. In 1994,
Santos-Victor et al. [S1] pointed out that “in the context of autonomous underwater
vehicles, tasks, such as object avoidance or recognition, grasping, docking, seabed
reconstruction, underwater surveillance, inspection, cable maintenance, are among
the set of those where computer vision may have an important role”. Although many
interesting algorithmic approaches have been proposed to address issues rising in
underwater environments, thorough discussion at the system-level is often omitted.
However, the deployment of computer vision systems in real underwater environ-

ments requires that system-related issues are investigated and addressed.

For a deeper, better understanding of specific issues characterizing underwater
perception for intervention missions, the design of the underwater vision system pur-
sued in this thesis has followed a multi-step approach. In the early stage of investiga-
tion, an embedded prototype has been designed and developed. This system has led
to a rapid deployment in water and its outcomes have been exploited in the design of
the final high-end system.

This chapter will go through the description of the embedded prototype, of the
final vision system, and of the tests carried out to assess the performance of both

systems.
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2.1 Embedded multi stereo vision system

The design of the embedded system has taken into account the constraints and re-
quirements of the underwater application in terms of computational capacity, power
consumption and thermal dissipation, waterproofing, and implementation time. The
system has been conceived as a low-cost prototype to be assembled in a short time
and to be eventually adapted during the development. Low cost vision systems have
been successfully exploited in several out-of-water robotic applications [52-56] so
that a similar approach could be adopted in underwater tasks, especially given the

prototype nature of the system.

The main motivation for the development of a prototype system was the need of
a first working vision system, ready to be deployed in short-time, to investigate the
main issues of underwater vision and to collect an initial dataset to evaluate object
detection algorithms. The prototype has been designed as an autonomous percep-
tual system, able to be deployed in water and record image sequences of underwa-
ter scenarios, even without any remote control. Logistics of marine and underwater
experimental sessions is, indeed, difficult due to the working environment and the
equipment requirements (waterproof instruments, supporting vessels for offshore ap-
plications, etc.). Thus, the development of a “system-in-a-box” was one of the re-
quirement guidelines that led to the architecture design and the component selection.
In order to speed-up the prototype development, only off-the-shelf components have
been exploited.

For these reasons, a general purpose plastic box has been chosen as the container.
This canister (260x330x92mm) has a flat transparent plate and a certified protection
rating IP-68, achieved through a silicon O-Ring gasket placed on the box closure.
Due to plastic box characteristics, water proofing reaches only few meters depth. The
prototype has been thought for uses right below the water surface, so the plastic box
characteristics met the requirements. Furthermore, the box small size is enough to

contain a whole system, while keeping easy its maneuverability in water.

The embedded prototype comprises an Electronic Computational Unit (ECU),

the imaging sensors, a low level layer for self monitoring and remote control, and a
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power supply unit for autonomous operations. The imaging sensors are driven by the
ECU, which is responsible for frame grabbing and storing. Since the whole system is
sealed inside a plastic box, a remote control device has been deployed for common
operations like powering on and shutting down. Furthermore, the hostile environment
and the testing aim of the system suggest a wide range monitoring of temperature and
humidity inside the canister, tasks that are assigned to a dedicated microcontroller.
The key design problem for such an enclosed processing system is the achieve-
ment of a trade-off between computational requirements, electrical power consump-
tion and heat dissipation through the plastic enclosure. High resolution and high fre-
quency frame acquisition requires adequate computational capabilities and compat-
ibility of the platform with common software frameworks, libraries and hardware
drivers. On the other hand, the CPU power consumption and thermal design power
(TDP) should be as low as possible, since the battery storage is limited and, above

all, the cooling down inside a waterproof sealed canister is performed through con-

duction.
Processor Number N2800
L2 Cache 1MB
Instruction Set 64-bit
Lithography 32 nm
# of Cores 2
# of Threads 4
Processor Base Frequency 1.86 GHz
TDP 6.5W

(b)

Figure 2.1: Mini-ITX Intel Desktop Board DN2800OMT (a) and technical details of Atom
N2800 CPU from Intel website (b).

The embedded system mounts a Mini-ITX Intel Desktop Board DN280OMT
(fig. 2.1.a) with an Intel Atom processor N2800 (TDP 6.5 W), which is a trade-off be-
tween the power-efficient ARM architecture processors (TDP 5.0 W for ARM Cortex
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A9) and the powerful commodity processors in the x86 architecture (low consump-
tion embedded Intel Core 17-3517UE has TDP 17 W). The Atom N2800 is a 64bit,
1.86 GHz CPU in the x86 architecture with one of the lower TDP among available
CPUs in the same architecture. Figure 2.1.b summarizes the technical details of this
processor. The system also features a 60 Gb Kingston SSD hard drive and 2 GB
RAM.

The imaging sensors consist of consumer webcams. In details, the vision sen-
sors are three Logitech C270 webcams, capable to record images in high definition
(1280x960) at 7.5 f ps. Once unmounted from the plastic enclosure, these low-cost
cameras consist in a small electronic board with a fixed lens. Due to the cost and size
constraints and the easiness of integration, webcams have been preferred with respect
to professional devices. The system consists of 3 cameras to test three different con-
figurations of stereo camera pairs (fig. 2.2), each with a different baseline and range

coverage.

Figure 2.2: Multi-baseline configuration of imaging sensors (Logitech C270 webcams).

Logitech C270 webcams have been chosen also due to their successful exploita-
tion in other projects [55, 57]. Each webcam is detected by the operating system
(Linux Ubuntu 12.04) with a unique device identifier which can be customized using
appropriate UDEYV rules. This is not a trivial issue because in the application context,
with calibration data associated to each specific camera, it is mandatory that web-
cams are not swapped. Webcams from other producers have proven unreliable in past
activities for this kind of applications.

The internal structure of the canister has been organized in three vertical layers.
The bottom layer contains 4 lead acid batteries (12V, 2Ah each, 8Ah whole battery
pack) and a DC UPS board (10A) which is responsible for charging batteries, when
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the external power cable is plugged, and switching back to batteries if the external
power is lost. The middle layer contains the processing hardware described above
and a 12V to 5V DC-DC step-down unit to supply the sensors. The top layer contains
the cameras, mounted as close as possible to the canister glass, and an Arduino UNO
board to control the system. Middle and top layers are removable from the canister
for maintenance purposes, as shown in figure 2.3 that illustrates the realized system.

(b)

Figure 2.3: Embedded prototype canister opened: ECU, cameras and monitoring electronics
(a), batteries and UPS board (b).

The Arduino UNO microcontroller is responsible for low-level control of the
system (internal temperature and humidity monitoring, ECU power on/off using a
remote controller, LCD display to log information). Thanks to its ultra low power
consumption (below 500mW), the Arduino board is always powered on. On the con-
trary, the main ECU must be powered only during the underwater experiments both
to prevent system overheating and to avoid discharging the battery pack.
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Temperature and humidity inside the canister are crucial environmental values
to be monitored in order to avoid over heating and prevent severe breakages due to
water seepages. In order to monitor the temperature and humidity these sensors have
been integrated in the system: three analog temperature sensors (LM35) for CPU,
hard drive and batteries, and a digital sensor for temperature and humidity (DHT11)
located in the top layer. Both sensors provide fully calibrated outputs. The LM35
sensor maintains an accuracy of +0.8°C over a range from 0°C to 100°C. The LM35
sensor draws 601LA and possesses a low self-heating capability. DHT11 can measure
temperature from 0°C to 50°C with an accuracy of +2°C, and relative humidity rang-
ing from 20% to 95% with an accuracy of £5%. The Arduino UNO board checks
the temperature and humidity measurements and is in charge of the shutdown of
the system, if the measurements exceed their respective safety thresholds. All values
measured by the sensors are sent to the main ECU by means of a serial-over-USB
connection and a specifically designed communication protocol. The ECU collects

the received data for experimental evaluation purposes.

Feedbacks about the system status are returned by means of a monochrome, 16x2
characters LCD display which represents the system HMI. The user can browse mul-

tiple pages by acting on the infrared remote controller.

Finally, a 4-relay board is used for sending the ATX power command to the main-
board and for powering some external high-power LED illuminators. Figure 2.4 il-

lustrates the embedded system components and their connections.

The operating system of the embedded prototype is Ubuntu Linux 12.04 LTS,
server release. The system exploits the state-of-art robotic framework ROS [58] (Groo-
vy release) for the image acquisition and data storing. Due to the particular camera
configuration, leading to three different stereo couples, the image acquisition driver,
available in ROS, has been slightly adapted in order to grab frames from the three
sensors and publish the camera calibration data for the three feasible baseline con-
figurations: large, medium and small. In this way it is possible to evaluate the stereo
performance of the different configurations by simply remap the ROS topic names,

without stopping the image acquisition.



2.1. Embedded multi stereo vision system 25

White Green Blue
LED LED LED

VD A A
Logitech | | Logitech| | Logitech
C270 C270 C270

CC CC cc
driver driver driver
use USB
USB
Power
PC MAIN POWER 12V INTEL DN2800OMT
SATA SSD
60Gb
ATX "Power on" signal ':‘
Serial over USB
<> LM35 - Analog
.6‘ T sens

DHT11 - Digital T

4 Relay board | ARDUINO UNO and H sens

Photoresistor

>0 @

IR Receiver

LCD 16x2

MAIN
POWER
12v

Figure 2.4: Embedded prototype: block diagram of internal components and connections.

The developed prototype has been tested in a laboratory setup before its exploita-
tion in real-world experimental sessions. Canister water-proofing has been assessed
by submerging the system in a barrel at roughly 1 m depth for 24 hours. Logged hu-
midity values were approximately constant over the whole experiment validating the
watertight seal. The approximate power consumption for the whole system in stressed
conditions (CPU loaded, webcams running, SSD reading and writing) is about 17 W.
Temperature monitoring and safe self-shutdown feature provided by the low level
controller have been successfully verified by simply lowering the warning tempera-

ture threshold. The control system has safely arrested the ECU.
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Real-world evaluation of the system (described in chapter 4) and early algorith-
mic approaches to the problem of pipe detection in underwater contexts provided
valuable insights for the design of the final vision system. Lessons learned comprise
the variability of the underwater environment in terms of visibility, light reflections
and colors aberrations, and the required flexibility of the vision system to cope with
these problems. In particular, the experiments performed with the embedded proto-
type highlighted the importance of camera synchronization and optics configuration.
Furthermore, the aforementioned flexibility must be supported by a powerful compu-
tational unit in order to allow deployment of complex processing pipelines optimized
for the specific underwater context. The next section shows how these issues have

been faced in the design of the final vision system.

2.2 High end vision system for deep water

The high end vision system has been conceived as a versatile hardware platform for
underwater computationally-demanding applications. Lessons learned in the proto-
type development and testing stages have been exploited for the requirement def-
inition of the final vision system. In particular, regarding the imaging subsystem,
synchronism is mandatory as well as the possibility to intervene on the optical con-
figuration in order to adapt the cameras to the specific working context. Experimental
trials of underwater object detection, performed with the embedded prototype, have
also shown the importance of color as a distinctive feature for submerged targets.
The imaging subsystem has been designed to fulfill requirements of advanced
underwater perception tasks. Typical requirements like precision and fast data up-
date rate lead to high resolution images and high frame-per-second grabbing capa-
bilities. These considerations, together with size constraints and reliability require-
ments, led to the choice of industrial cameras. The imaging subsystem is based on
two AVT Mako G125C GigE cameras, an ultra compact device whose dimensions are
60.5x29x29mm. The connection bus is a standard ethernet link with support to PoE
(Power over Ethernet). Cameras mount a Sony 1CX445, 1/3”, high resolution color

sensor, capable of acquiring frames at 30 fps in full resolution of 1292x964 pixels.
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The sensor spectral response is shown in figure 2.5.a suggesting a good camera sen-
sitivity to red wavelengths. This is an interesting feature because water acts as a filter

and absorbs, in particular, wavelengths in the red spectrum (fig. 2.5.b).
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Figure 2.5: Spectral response of the Sony ICX445 image sensor (a) and absorption spectrum
of liquid water centered in visible light wavelengths (b).

The chosen cameras support standard C/CS-Mount optics. For a higher grade of
flexibility, two varifocal lenses have been chosen. Kowa LMVZ4411 lenses have a
focal length range between 4.4 mm and 11.0 mm, a manual focus and iris controls
and a minimum focusing range of 0.3m. Iris maximum aperture of f/1.60 suggests
a very luminous optic. Lenses fit requirements of mega pixel cameras, up to 1/1.8”
sensor size. By using these lenses with smaller imaging sensors, like the ones in Mako
cameras, a reduced Field of View (FoV) is compensated by less distorted images.

AVT Mako firmware exposes approximately the same features of AVT flagship
series ‘“Prosilica”, which is widely used in robotic tasks [59,60] as well as in few
underwater applications [61-63]. Among available functionalities, the most interest-
ing ones are the possibilities to manually tune the exposure time, white balance, and
gain, to trigger the frame acquisition with a digital signal, and to perform an on-board

color correction by acting on hue and saturation channels. Furthermore, if network
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bandwidth limitations and computational power constraints require an image pro-
cessing at a lower resolution with respect to the sensor native one, Mako cameras
can perform the image binning directly onboard. Image binning, when performed at
a sensor-level, allows charges from adjacent pixels to be combined. The effects are

benefits in readout speeds and improved signal to noise ratios albeit at the expense of
reduced spatial resolution.
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Figure 2.6: Imaging subsystem components and cabling. AVT Mako mounted on sliding
bracket (top); cameras and connection cable (left) and 13-pin cable socket on the vision can-
ister (right).

The cameras are housed in two separate small canisters made of black PVC,
with a stainless steel back cover and a plexiglass transparent glass. Power supply,
camera triggering and data cables are joined into a single 13pin submarine cable
that enters the canister from the back steel cover (fig. 2.6). The cable plug gender

is different for left and right cameras, for an error-free mounting. Each part of the
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Figure 2.7: 3D CAD model of the vision system: vision canister (left) and stereo rig (right).

camera canisters has been worked out from solid blocks to avoid soldering or gluing,
and redundant O-Rings have been used for junctions thus guaranteeing watertight
protection up to 50 m depth. Inside the canisters, cameras are mounted on sliding
brackets that allow a precise positioning of the lenses next to the canister glass, in
order to avoid unwanted reflections or ghost-effects on images. Camera canisters are
then mounted on a pitchable pipe slide that allows a fine positioning of the stereo rig
and permits to change the camera baseline, depending on the expected operational
distance for each carried application (Figures 2.7 and 2.12).

The underwater computational unit was designed balancing power consumption,
thermal dissipation and system performance. The ECU (Electronic Control Unit) in-
side the vision canister was designed as a modular system (Figure 2.8), including two
x86 CPUs, one ARM-based board and a microcontroller. The microcontroller (Ar-
duino MEGA 2560) is responsible for camera triggering and temperature monitoring
inside the canister. In contrast to the embedded prototype, the vision system does not
need to be self powered because it is conceived to be powered by the hosting AUV.
Due to this reason, the system starts automatically when powered, removing the need
of a remote controller.

The ARM-based board consists of a Raspberry-Pi, chosen because of its small
size, the onboard H.264 video encoder, and the minimal impact on heat generation
and power consumption. Raspberry-Pi features a BCM2835, ARMv6 700MHz CPU,
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512Mb RAM and is equipped with a 16 Gb Class 10 SD-CARD running Raspbian
Linux operating system. Performance of this board is not enough for high-resolution
and high-frequency computer vision tasks. However, the embedded H.264 hardware
encoder can easily encode a video stream with minimal load on the CPU. Thus, the
Raspberry-Pi board is encharged of remote streaming an encoded video for monitor-

ing purposes.

179 T ™ Y

Figure 2.8: Components of the vision system: side view with additional cooling fan (a), In-
tel Core i7 copper heat sink and Solid State Drives (b), and bottom view of motherboard
connections (c).

The main system relies on an Intel Core 17-4770TE @3.33GHz with 4 physical
cores and Hyper-Threading technology, mounted on an industrial Mini-ITX board.
The mainboard (BCM MX87QD) features two independent network controllers which
are exploited for splitting the system network from the camera network. This PC is
equipped with 8Gb of 1600MHz DDR3 RAM and two 120Gb Samsung 840 Pro se-
ries SSDs. The CPU heat sink is a low profile Zalman, pure copper unit (CNPS2X)
with heatpipe technology, capable of cooling up to 120W (fig. 2.8-b). The heatpipe is

placed in direct contact with the CPU dye and ensures an efficient heat transfer from
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the CPU to the heat sink fins.
The 17 processor mounted on the main ECU belongs to the 4th generation of Intel
Core CPUs, which was the last Intel architecture released on market at the time of

system development. The CPU details are summarized in figure 2.9.

Launch Date Q2'13
Processor Number i7-4770TE
Intel® Smart Cache 8 MB

DMI 5GT/s
Instruction Set 64-bit

# of Cores 4

# of Threads 8
Processor Base Frequency 2.3 GHz
Max Turbo Frequency 3.3 GHz
TDP 45w

Intel® Hyper-Threading Technology

Figure 2.9: Technical details of Core i7-4770TE CPU.

The second PC is based on an Intel DN2800OMT Mini-ITX mainboard with an
ATOM 1.86GHz processor, whose characteristics have been already described in sec-
tion 2.1.

Network connection is managed by two independent gigabit networks using Net-
gear GS-105 switches. Due to the high traffic rate generated by the vision system, the
two cameras and the i7 ECU are connected by a dedicated network to avoid traffic
jams. The second ethernet interface is used to enable communication between the
vision system and the AUV.

The electronic components are mounted on an aluminium trellis, expressly de-
signed in 3D taking care of all components and connectors sizes (fig. 2.7), feasible
mounting and easy maintenance constraints, and heat dissipation flows. The top layer
hosts the power supply conversion and distribution boards. Right beneath them, the
camera network switch is horizontally fixed. Then, three plates hold all the other
components mounted vertically. Cable connections of the two x86 ECUs are on the

bottom for easy access and maintenance (fig. 2.8.c). Two additional small fans are
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placed on sides of the trellis (see figure 2.8.a and b), slightly oriented and blowing
toward the canister metal inside. The resulting air circulation facilitates the heat ex-
change with the canister and then with the outside medium. The aluminium trellis
can be unmounted from the steel cover by simply unscrewing in 4 points.

Each part of the camera canisters and the cover of the main canister have been
worked out to avoid soldering or gluing and redundant O-rings have been used at each
junction thus guaranteeing watertight protection up to 50 m depth. The main canister
is made of a portion of a stainless steel pipe and the bottom closure is soldered. The
internal diameter is 244mm and whole available volume for internal components is
approximately 16dm?. The external diameter ranges from 300mm of the closure to
264mm of the canister outside surface. Additional external fins have been placed to

increase the canister surface and therefore the heat dissipation. Figure 2.10 illustrates

the mechanical design of the canister.

][]

Figure 2.10: Mechanical design of the canister: orthogonal and perspective views.

Connection between the canister and external devices like cameras, power supply
units and other networks are possible due to appropriate underwater connectors. Five
connectors are available on the canister enclosure: power supply (24V, 5A), external
ethernet network, camera network and USB external device. The connection to the
camera exploits a marine cable and dedicated connectors which carry a certified giga-
bit network, power supply and additional digital signals (triggers). With this solution,
connections to the camera have been condensed in one cable instead of two.

Connection scheme of the vision system components is shown in figure 2.11 and

the finished system is displayed in figure 2.12.
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Figure 2.11: High end vision system: block diagram of internal components and connections.



34 Chapter 2. Design of Underwater Vision Systems

Figure 2.12: Underwater vision system: the vision canister (left) and the stereo rig (right)

with the two camera canisters.

Both x86 architecture boards (Atom and i7) run an Ubuntu Linux 12.04 (Long
Term Support) operating system. A “server release” has been preferred because the
desktop environment is not needed. The systems rely on the ROS robotic frame-
work for camera image acquisition and message sharing. The ROS infrastructure
manager (roscore) can run arbitrarily on either ECU as well as on an external sys-
tem. The Mako cameras driver has been developed from the released AVT Software
Development Kit for Prosilica series and slightly adapted taking care of differences
between the two camera series. Furthermore, the developed driver handles both cam-
eras: frames are grabbed from left and right sensors with a multi-thread routine, and
configuration parameters, which are dynamically adjustable, are sent to both cameras

at the same time.
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Due to the hardware triggering, frames are always shot at the same time. Never-
theless, delays in network transmission and in data acquisition produce slightly un-
synchronized image timestamps at driver-level. The developed software reconstructs
the correct frame pairing and sets grabbed images with a unique timestamp. Images
are then published as a sensor_msgs)\image standard ROS topic. Cameras also
expose a programmable memory area which is exploited for storing the calibration
data. The driver handles both the writing and reading of calibration data, which are
then published as a sensor_msgs\CameraInfo topic. The developed driver com-
plies with ROS camera driver guidelines, thus enabling the use of the image pipeline

stack.

2.2.1 Hardware performance evaluation

To evaluate system performance, experiments have been conducted both in a labo-
ratory setup and in a real underwater environment. In particular, once the assembly
stage of the hardware was completed water resistance experiments were performed
for the vision and the camera canisters. In the laboratory setup canisters have been
inflated with air at 6 atm pressure to simulate underwater conditions at 50 m depth.
Then, the canisters have been placed for 24 hours inside a water container to identify
possible leaks. A pressure gauge was used to keep pressure monitored. Underwater
tests have been conducted with the canisters sinked at 50 m depth in the see in front
of La Spezia (Italy). No water leakages occurred inside the canisters.

Long term experiments have been conducted in the laboratory setup to evaluate
power consumption, heat dissipation, working temperature and network performance.
Power consumption and heat dissipation have been tested by stressing the CPUs at
a high load using the Linux stress command. Results are reported in Table 2.1
and show that the power consumption is well below 100 W, thus achieving a good
performance for autonomous robot applications.

The maximum temperature registered in the vision canister in water with all the
CPUs stressed was 60°C, far below a dangerous value. In the laboratory setup, with
the vision canister in air and external temperature at 25°C, temperature inside the

canister after 15 minutes of CPU stressing reached 72°C. Since the internal temper-
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Test Power (W)
Idle 432
CPU stress - 1 core - 17 65.0
CPU stress - 2 cores - i7 78.0
CPU stress - 4 cores - 17 79.2 (peak 86.4)

CPU stress - 4 cores/8 threads - 17 79.2 (peak 86.4)
CPU stress - 2 cores/4 threads - Atom | 44.9

Stereo Vision frames acquisition 46.6
CPU stress on all cores/CPUs 81.6 (peak 91.9)

Table 2.1: Power consumption tests at different CPU loading levels

ature was still increasing, the test suggested that the system cannot support heavy
computational loads in air with external mild temperature for long time. It should be
remarked that with no stress of the CPUs the temperature remained stable at a lower,
safe value. Hence, the vision canister can also be operated in air at standard CPU load
level for a long time.

Bandwidth throughput of both networks has been tested exploiting iperf [64,
65], a state of the art tool for network benchmarking. Experiments have been con-
ducted using both TCP and UDP protocols, half and full duplex communication and
different packet size. Despite cable soldering and usage of marine connectors, data
transfer rate was about 850 Mbps, full duplex, for both system-to-cameras commu-
nication and system-to-vehicle communication. Results were computed from about
1TB of transferred data.

The performance of the vision system to reconstruct a disparity map was tested
using the standard Absolute Differences (SAD) correlation method. A throughput of
12.5 frames per second (1292x964 resolution) was achieved.
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The developed system represents and advancement in the state of art regarding
underwater computer vision platforms for autonomous robots. The system modular-
ity allows an efficient allocation of processing tasks and a grade of failure awareness.
The CPU exploited in the main ECU was from the latest released series, ensuring the
best available performance within the power consumption and heat dissipation con-
straints. Finally, the imaging system allows a fine tuning of lens configurations and
camera parameters, thus enabling specific optimized setups for different perceptual

applications and underwater environments.






Testing Computer Vision Algorithms

on the Developed Underwater Systems

The design of the underwater vision system was based upon the requirements of in-
tervention applications. These requirements are often expressed in terms of accurate
target detection, precise measurements, and high frequency data processing. These
tasks are also challenging in out-of-water robotics, even though, nowadays, the avail-
ability of precise sensors and powerful computational units have made these applica-
tions feasible.

As stated in the thesis introduction, the test bench of the developed underwater
vision system is represented by the MARIS project which is aimed at performing
a proof-of-concept autonomous intervention on common submerged artifacts, and
specifically on pipes. Interest in this kind of underwater objects is confirmed by sev-
eral published works about pipe inspection [66—68] and by a recent survey [69] on
robotics applied to oil-and-gas industries. Validation of the proposed vision system
therefore included the evaluation of algorithms supporting adequate image process-
ing, object detection and pose estimation, combined in different processing pipelines.

Vision-based object detection may be addressed by different approaches accord-
ing to the input data and the available a-priori knowledge of the target object. Poten-
tial approaches comprise image processing of mono-camera data or more complex

shape matching algorithms based on stereo processing. The set of algorithms consid-
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ered in this thesis spans several phases of the vision pipeline (fig. 3.1), whose flow

depends on the available knowledge about the object to be detected.
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Figure 3.1: Schema of vision-based object detection and pose estimation algorithms.

An offline calibration stage aims at reducing the distortion of underwater images
caused by the different light refraction behavior through water. The preprocessing
step addresses issues related to image aberrations introduced by water which depend
on lighting, turbidity, depth and other environmental factors. The initial steps aim
at detecting salient regions representing candidate objects, possibly with no prior
knowledge about the target. The output of such steps may be a broad candidate ROI
(Region Of Interest) to narrow the searching area in the successive phases or the
classification of the regions as target object or not (respectively the blocks RO! Iden-
tification and Object Detection in Figure 3.1).

The point cloud is used only to estimate the pose of an already detected object
(Stereo Pose Estimation block in Figure 3.1). Alternatively, if the geometric model
and the dimension of the object are known, the pose can be estimated from the shape

of object projection in a single frame.
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In the following sections, the main algorithms investigated by the MARIS re-

search team are summarized with their achieved results.

3.1 Water distortion compensation

Camera calibration is typically performed with state of art methods based on a-priori
known patterns like checkerboards [70]. However, due to difference between light
refraction in air and in water, “any trial to localize or reconstruct an object observed
by an underwater camera has to go through a calibration phase” as pointed out
by Lavest et. al [71]. Recently, it has been observed that underwater cameras are
correctly modeled as “axial camera” [72]. In practice, the classic pin-hole model is
used, after calibrating the intrinsic parameters in water medium. However, due to
the difficulty of in-situ underwater camera calibration, a method for image distortion
compensation has been developed and tested with the underwater vision system [73].

This calibration approach assumes that cameras have been already calibrated in
air and relies on the possibility of observing underwater cylindrical objects like pipes
or other known regular shape objects. The automatic method performs a radial dis-
tortion correction based on rectification of reconstructed surfaces exploiting a set of
stereo images to improve robustness

The considered lens distortion model is called plumb bob [25] and describes the
correction applied to the image by means of a set of scalar values. Since the main
effects of radial distortion are determined by the scalar values K| and K>, the aim
of the proposed approach is to achieve an automatic correction of these two parame-
ters. The method exploits a brute-force approach: several combinations of K; and K»,
sampled in range of values

A= K", K"+ AK] < [K3", K5 + AK)]

(where K{”" and Kgi’ are the initial values obtained after in-air calibration) are ap-
plied to a set of N stereo image pairs. The method aims at finding the best value

combination that minimizes images distortion over the set of N image pairs.
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For each sampled pair [Kj;,K>;] the disparity map is computed and a 3D point
cloud is obtained. The point cloud is then masked in order to filter out the back-
ground and maintain only the cylindrical object. Each pipe point cloud, obtained by
a differently distorted image pair, contains a differently distorted object. The object
is then approximated with a plane and distances between the object 3D points and
the plane are accumulated. The greater the sum, the greater the distortion of the pipe.
The accumulated value, associated with the pair [K};, K> j], represents the image dis-
tortion, so that finding its minimum over the domain A corresponds to finding the
best distortion correction parameters. Figure 3.2 shows an example of the sampled

distortion function.

Axa

Figure 3.2: Example of a sampled distortion function.

For reliability, the method is performed on a set of N image pairs. Experimental
tests on sea waters images (see section 4.2) have shown that 5 stereo image pairs are
enough to achieve a good estimation of the distortion parameters. The computational
time is about 28 minutes on the vision system Intel Core i7 ECU for each image
pair, with A sampled in 2500 value pairs (which leads to 2500 disparity maps to be
computed). Figure 3.3 shows results of the calibration procedure. Additional details

and results are presented in [73].
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. -

Figure 3.3: Example of the automatic calibration approach. Image and segmented pipe (top
left). 3D point cloud from disparity map (top right). Distorted pipe using in-air calibration pa-
rameters (bottom left). Pipe rectification using optimized camera parameters (bottom right).

3.2 Image pre-processing

The image distortion is only one of the side effects introduced by water. Light attenu-
ation and back-scattering produce blurred images with limited contrast. Furthermore,
the water peculiar absorption spectrum of visible light modifies colors of underwater
images with a prevalent green-blue component. Improving image quality by attenuat-
ing the water filtering effects is the first step to be performed in an image processing
pipeline, so that two methods with effects on contrast and colors have been evaluated.
The first method aims at reducing image blurring. A contrast mask method based
on component L of CIELAB color space [74] is applied to the input image. A Contrast-
Limited Adaptive Histogram Equalization (CLAHE) [75] is then performed in order
to re-distribute luminance. The combined application of contrast mask and CLAHE
lessens light attenuation and reduces the effect of light artifacts on the objects, as

shown in Figure 3.4 and extensively described in [76].
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Figure 3.4: An underwater image before (left) and after (right) the application of contrast
mask and CLAHE.

In deep water, the water filtering effect is more evident on color components
which are shifted toward blue tonalities. In order to facilitate detection methods that
exploit color as an object distinctive feature, it would be convenient to restore the
color shades to their original color in air. Several approaches have been proposed for
color restoration [77]. Performed experiments showed that a color constancy method
based on grey-world hypothesis [78], which assumes the average edge difference in
the scene to be achromatic, sufficed. The results are illustrated by the example in

Figure 3.5.

Figure 3.5: An example of color restoration: originally acquired image (left) and image after
color restoration according to grey-world hypothesis (right).
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The presented preprocessing methods can be applied stand-alone to raw images
or in a combined configuration, depending on water conditions and application con-
text. Both methods are not computationally demanding and have been successfully
performed on both Core-i7 and Atom ECUs. This result suggests that image pre-
processing can be assigned to an auxiliary embedded ECU with the drawback of an

increased network load due to the image exchange.

3.3 ROI Identification

Region of Interest identification algorithms aim at selecting an area in images that
roughly includes or corresponds to the target object. This step facilitates further ap-
proaches to object detection and pose estimation by filtering out the scene back-
ground. The ROI may be searched according to different criteria based on specific
features of the target object, like color and dimension constraints. Both these criteria
have been exploited in evaluating methods for ROI detection, leading to results which
are discussed in [76].

The first method, labeled as ROI,;.,, is based on the assumption that the unknown
object never occupies more than a given portion of image pixels and has a uniform
color. The H channel of HSV (Hue Saturation Value) color space is quantized in 16
levels and the input image is partitioned into subsets of (possibly not connected) pix-
els with the same hue value. A convex hull of pixel is performed to obtain connected
areas and only regions whose area is less than a given percentage of the image are
selected as part of the ROI,., (fig. 3.6).

Figure 3.6: Mask generation based on ROI,,., approach. On right image, an over estimation
effect is evident.
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Although color is used to partition the image in subsets, no information regard-
ing the exact object color is given to the algorithm. When this distinctive feature is
known, it can be exploited for a more reliable identification of the region of interest,
as done in ROI,,;,, method. Hence, the ROI,,;,, is obtained composing the regions
where color is close (up to a threshold) to the expected target color (fig. 3.7).

(b)

Figure 3.7: Mask generation based on ROI,,;, method: original image (a), hue channel after

color reduction (b) and resulting masks (c).

The region computed either by ROI,., or ROI,,;,, is made available for further
processing. These ROI estimation techniques only exploit the relative color unifor-
mity of a texture-less object, but they do not identify a specific object. Both ROl
and ROI,,,, are lightweight methods and their impact on computational time is in
the order of few milliseconds on the Core-i7-based vision system proposed in this

thesis. Thus, ROI identification could also be assigned to an auxiliary ECU.

3.4 Object detection

With respect to ROI identification approaches, object detection methods rely on a
thorough knowledge of the target object and its characteristics.

The proposed ROl algorithm performs object detection in two steps: image
segmentation and contour shape validation. The goal is the identification of a con-
nected region with straight and sharp contours like typical human-made artificial
objects. In contrast with the previously described coarse segmentation approaches,
ROl 1s able to detect whether the target object belongs to the image.
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The image segmentation step classifies each pixel of the image according to its
corresponding vector of following local features: color channels of HSV space, re-
spectively hue /;, saturation s; and value v;, and gradient response to a Sobel filter.
Image is then clustered according to k-means algorithm [79]. Figure 3.8.a-b illustrates
a typical output of k-mean clustering: the artificial objects are classified as belonging
to the same cluster whereas the background is split into a lighted region and a dark
region. The image is further refined by computing the connected components of the
cluster (figure 3.8.c).

The shape validation step is applied to each cluster obtained from image segmen-
tation and it is based on a contour extraction algorithm (figure 3.8.d). The contour of
human-made regular-shape objects, in particular when their projection in the image
plane is approximately a rectangle, often consists of parallel edges. Under this as-
sumption, the target region is recognized by detecting parallel lines-segments from
the contour, e.g. using the Hough Transform and angle histograms (figure 3.8.e).
Finally, a cluster is classified as an object with regular shape if the histogram is
“peaked”, i.e. it is distributed along few principal directions.

Based on achieved results, fully reported in [76], RO, has proven robust to
color similarities between objects and background. The precision (above 90%) and
recall (above 80%) outperform methods of ROI identification that do not exploit a
thorough knowledge of the target object.

As a drawback, the processing of ROl . requires about 160 ms for full-resolution
(1292x964) images, on the Intel i7-4770TE @3.33GHz CPU, thus leading to a low
frame rate of about 6 f ps. This approach should therefore be used only when more
naive methods are not adequate for the specific application context, and is likely ap-

plied to lower resolution images.

3.5 Object pose estimation

Object pose estimation can be performed exploiting either single images or stereo
pairs. Single-image processing must rely on an a-priori knowledge of object shape

and size in order to estimate its 3D position. On the contrary stereo-image process-



Chapter 3. Testing Computer Vision Algorithms
48 on the Developed Underwater Systems

0.8 “
0.6

0.4

normalized histogram

0 AL
0 10 20 30 40 50 60 70 80 90

angle [deg]

) (e) (H

Figure 3.8: Steps of ROIqp. algorithm: (a) the input image; (b) the clusters obtained from
k-means; (c) the connected components extracted from one of the clusters; (d) the contour
image of one component (within its bounding box); (e) the corresponding angle histogram;
(f) the output mask.

ing consists in a “full-3D” approach that only exploits the geometrical setup of the
sensing system. Despite 3D stereo reconstruction is a widely used approach in out-
of-water perceptual tasks, in underwater environment issues like image quality, light

reflections and calibration are not trivial and impose an accurate method assessment.

3.5.1 Full-3D approach

Object detection and pose estimation are performed on the 3D point cloud computed
using stereo vision techniques. The ROI obtained from single camera processing is
used to restrict the region where the object is searched. Since the 3D object recogni-
tion step requires computationally expensive operations on point clouds, ROI identi-
fication is a mandatory step in the processing pipeline.

The developed approach to object pose estimation is focused on objects that have
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a cylindrical shape and is based on model matching between the object paramet-
ric representation and the filtered point cloud. Three different algorithms have been
implemented and evaluated: RANSAC model fitting, Particle Swarm Optimization
(PSO), Differential Evolution (DE) [80]. An extensive discussion of achieved results
is reported in [76, 81] together with even more sophisticated solutions which have
been evaluated.

The effectiveness of these methods is strictly related to accuracy and complete-
ness of the 3D point cloud. Field experiments, discussed in chapter 4, have shown
the difficulty of obtaining accurate 3D reconstructions of underwater texture-less ob-
jects. Thus, alternative methods based on object geometrical features have been in-

vestigated.

3.5.2 Geometry-based approach

In general, object pose estimation cannot be performed on a single image unless an a-
priori knowledge of its shape and size is available. This paragraph is focused on pose
estimation in single (or multiple) images of cylinder-like objects, although a similar
approach could be developed for box-like objects and other regular 3D shapes.

This method is based on the detection of pipe borders and terminals and relies
on the prior knowledge of object size. Lines in image plane built upon borders and
terminals are projected as planes in the 3D space. Exploiting information about cylin-
der radius and searching for appropriate plane intersections, the 3D pose of the target
object can be estimated [82].

The accuracy of such estimation depends on the image resolution and on the
extraction of the two lines. Robustness of this method can be improved by performing
the same processing on stereo images, if available. Obtained results can be compared
and refined in order to converge toward an optimal solution.

In actual experiments, this method has proven reliable and robust to different col-
ors, points of view, distances and light conditions. Despite the pipe natural shadows
near the seabed, that puts a strain even on the human sight in detecting borders, the
algorithm is able to estimate the pipe position (fig. 3.9). Due to the absence of ground

truth regarding the real pipe pose, a qualitative evaluation has been performed by
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visually comparing the pipe with the re-projection of its 3D pose (blue line in fig-
ure 3.9) on the image plane. Additional details about this geometry-based approach
to pipe detection are presented in [82]

Figure 3.9: Geometry-based pipe pose estimation. Yellow lines represent the detected border

directions. Refined borders are highlighted in purple (long borders) and green (pipe termi-
nal). The blue line represents the re projection of the detected pipe in the image plane as a

qualitative feedback of the pose estimation accuracy.

The main outcomes stemming from the evaluation of object detection and pose
estimation algorithms for underwater environments, discussed in this chapter, are the
importance of providing a customized processing pipeline, tailored upon the specific
application context. Wide variability of underwater conditions, together with limited
computational resources, prevent the development of a “silver bullet” vision process-
ing pipeline for object detection and pose estimation tasks that does not exploit a
prior knowledge about target object and perceptual environment.

Next chapters will show how the evolution of the processing pipeline has been
supported by field experiments, performed since early stages of the project, and, vice

versa, how results of the developed algorithms defined the system requirements.



Field Evaluation

The design of the underwater computer vision system has aimed at developing a plat-
form suitable for real world applications. Increasing the Technical Readiness Level
(TRL) of underwater applications is the first step to make them attractive for indus-
trial deployment and exploitation. As described in chapter 2, both the initial prototype
and the final vision system have been developed for a robust deployment in under-
water applications. For these reasons, both systems have been evaluated in real world

scenarios and the following sections will report achieved results.

4.1 Embedded prototype

The embedded prototype has been developed in order to have, in short time and at
low costs, an imaging platform able to collect image sequences of submerged objects.
The evaluation of the system has pursued both the objectives of validating the system
in real world and of gathering underwater images.

The experiment location has been chosen at the Lake of Garda (Italy) and two
separate sessions have been conducted in Bardolino and near the city of Malcesine,
as shown in figure 4.1. In these experiments no boating or underwater support has
been available, and therefore all activities have been conducted from the shore. Lake

of Garda has been chosen because of its clear water, the rather deep seabed next to
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Figure 4.1: Testing locations at Lake of Garda: Bardolino and Malcesine.

shores and the availability of wharfs, useful for logistics support.

The prototype, due to systematic use of plastic materials, is positively buoyant
and tends to float. However, cameras needs to be submerged at least some tens of
centimeters to avoid light reflections of water surface and air bubbles between the
canister glass and the water. Canister has then been ballasted with iron weights, fixed
to an appropriate frame on the back side of the box. Once reached a desirable balance,
which means a slightly negative buoyancy, the canister was fixed with chains to a

floating unit to avoid its sinking and ease maneuvering (fig. 4.2).

The canister was connected to the base control station with a power supply cable
and an ethernet cable, coupled and made floating with small buoys. Since the canister
was self-powered by onboard batteries, the power supply cable was often unplugged
and back-up batteries available at base stations were used to power additional control
devices (computers, ethernet devices, etc.). The canister was remotely controlled and
visual feedbacks were available. The system was moved around with the help of

ropes handled manually from shore. Despite the trivial method, in each session an
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Figure 4.2: Top: embedded prototype with sinking weights (b) and floating buoyancy (a).
Bottom: system launch in water at Bardolino testing site.

approximate area of 30m?> has been covered.

The chosen testing sites mainly differed for the water turbidity, lake floor depth
and actual weather conditions. Water resulted clearer near Malcesine, whose seabed
is slightly deeper with respect to Bardolino. On the first day of experiments, in Bar-
dolino, weather was cloudy, leading to lower direct illumination and less surface
reflections. The next day in Malcesine sky was sunny so that direct illumination com-
bined with clearer water produced typical reflections of water surface on the seabed

and objects. Details of both experimental sessions are shown in table 4.1.

Cylindrical PVC tubes of different colors and same size (10cm diameter, 1m
length), were submerged and laid down on the seabed, at a depth that ranged from
1.8m to 3m. Examples of images collected are shown in figure 4.3. The figure points
out the differences between the two testing sites, especially regarding water clearness
(frames (b) and (d) refer to objects at approximately the same depth) and weather

conditions effects on underwater light reflections.
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Location Bardolino Malcesine

GPS coord. 45°32°40”N 10°43’117E | 45°43’57”°N 10°47°13”E
Time 10: 00—12: 00 10: 00—12: 00
Weather Cloudy Sunny

Floor Stones and algae Stones and algae

Object depth [1.8m,2.3m] [2m,3m]

Camera depth ~ 40cm ~ 40cm

Max canister temp | 68°C 63°C

Max fps 3.3Hz 6.6Hz

Collected data 26.1Gb 23.1Gb

Table 4.1: Lake of Garda experimental session data.

”

(@) (b)

Figure 4.3: Examples frames from Bardolino (a,b) and Malcesine (c,d) datasets. Bardolino:
orange pipe in shallow water (a) and gray pipe with algae in deeper seabed (b). Malcesine:
gray (a) and orange (b) pipes in rocky seabed with evident surface reflections.

Despite the webcams in this prototype were able to grab high resolution frames
(1280x960) at 7.5 fps in a stand-alone configuration, and VGA frames (640x480) at
15 fps when combined with other cameras, during the experiments the actual frame
rate was lower. In particular, in the Bardolino session, cameras were driven at the
maximum achievable frequency of 15 fps but the acquired dataset showed an actual
rate of only 3.3 fps. In the following experimental session, near Malcesine, the grab-
bing frequency of the webcam driver was set to 10 fps and the effective framerate
increased to 6.6 fps. The reason behind this unexpected behavior is still unexplained.

However, it is possible that problems in ROS topics synchronization occurred due to
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the increased complexity of the distributed network, comprising the embedded sys-
tem and 2 remote PCs. Furthermore, data collection has been performed onboard
with the rosbag tool. Data rate on ROS topics has been measured in 8.75Mb /s, far
lower than SATA bus or SSD physical limits.

In both sessions the average depth of the camera was about 40cm below water
level. However, the whole structure of the embedded system and buoyancy swung
rather fast due to the continuous wave movements. Webcams were not synchronized
by a hardware trigger and the shooting jitter between two cameras was on average
about 65 ms. Rapid fluctuations combined with the absence of hardware triggering
and slow framerate led to occasional episodes of evident loss of synchronism be-
tween cameras, as shown in figure 4.4. The left frame is clearly unsynchronized with
the central and right ones. Due to typical slow movements of systems deployed in
underwater tasks, perceptual applications generally do not require high frequency
data processing. Nevertheless, camera synchronization has proven to be a mandatory
requirement which has been addressed in the design of the final vision system.

Figure 4.4 also highlights another issue related to low-cost imaging sensors. The
white balance was automatic adjusted and, consequently, the image color temperature
dynamically changed. This unwanted behavior produced color aberrations different
in each image and prevented the adoption of an effective color restoration policy on
the whole image sequence. This issue is especially restricting in case of online image

processing.

(left camera) (central camera) (right camera)

Figure 4.4: Absence of synchronization effects: image from left camera is not synchronized
with central and right frames. A side effect of auto-whitebalance is also shown: left image vs.
central and right images.
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Another side effect of synchronization jitter on image shooting time was pro-
duced by surface light reflections. In sunlight weather conditions, the water surface
projects characteristic reflections on the seabed and submerged objects. These arti-
facts act like an image texture with altered brightness and color, contrast gradients
and fictional borders. This fake texture changes with high frequency due to waves,
so that, in performed experiments, small differences in frames acquisition led to sub-
stantial image dissimilarity, as shown in figure 4.5.

Figure 4.5: Differences on left (a) and right (b) images, caused by surface light reflections
and synchronization jitter in shooting time.

One of the goals of the experiments was to test the physical properties of the
embedded system, such as the water-proof endurance of the low-cost canister and
the thermal balance of the electronic devices inside it. During the experimental ses-
sions, the onboard monitoring system has collected the temperature and humidity
values through three analog thermometers, a digital thermometer and a hygrometer.
Figure 4.6 illustrates the temperature values measured during the two sessions, each
lasting more than one hour. Sensors temp analog 1 and DHT 11 measure the environ-
mental temperature inside the canister, temp analog 2 is placed on the heat sink of the
CPU and temp analog 3 is placed on the SSD hard drive. The maximum temperature
value of 68°C has been measured by the sensor on the CPU, as it might be expected.

The temperature measured by ambient sensors decreases at the beginning of each
session, as soon as the canister is submerged. This result highlights that the thermal

balance of the system facilitates the heat exchange with the external environment.
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Figure 4.6: Temperature trends over time for the experimental sessions in Bardolino (a) and
Malcesine (b).

All measurements seem to converge to stable and safe values. In particular, the
canister environmental temperature, measured around 30°C, is approximately 6°C
higher than the average temperature of lake water, which is 24°C in July. Thus, the
thermal dissipation behavior of the embedded system has proven adequate for its

correct operation.

Collected image sequences were aimed at assessing the object detection and pose
estimation performance on the point cloud acquired in the stereo camera configura-
tion. Unfortunately, the point clouds obtained from the underwater dataset are rather
sparse and noisy. As mentioned above, in water the embedded system was attached to
a floating support, and the camera baseline swung due to waves. Since the webcams
are not synchronized by a hardware trigger, the computed disparity image becomes
noisy and inaccurate. Thus, the 3D point clouds obtained from stereo processing have
not allowed a reliable object detection and localization.

The promising results obtained by low-cost stereo systems [55] in recognizing
challenging 3D objects, motivated a deeper analysis the impact of underwater scenar-
ios on the algorithms effectiveness. As a matter of comparison, an alternative dataset
has been collected out-of-water. In this alternative setting, the target pipes laid in a

dry river bed among sand and stones and the canister with the stereo camera was man-
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ually moved. Figure 4.7.a shows the recognition of a cylinder from 3D point cloud
data, whereas figure 4.7.b summarizes the object recognition results for RANSAC,
PSO, and DE algorithms. The three algorithms obtain comparatively similar recog-
nition results, overall satisfactory, showing better performance than when applied to
underwater images. It can be concluded that the accuracy, resolution, and acquisi-
tion rate afforded by inexpensive webcams have proven inadequate for challenging

underwater perception tasks.
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Figure 4.7: An example of pose estimation by matching the raw point cloud and a cylinder
model (a). Object recognition results on the point cloud (b). Results obtained on an out-of-
water dataset.

Although the experimental evaluation showed its strong limitations, the initial
vision system prototype provided insights for the development of more the advanced
underwater vision systems. Furthermore, low-cost stereo vision technologies seem
adequate for evaluation of early-stage image processing algorithms in underwater

environments.
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4.2 High end vision system

The high end vision system has been designed to work on an underwater autonomous
vehicle. Before the system deployment and integration on the underwater robot, some
intermediate tests were required. Furthermore, advances in pipe detection algorithms
needed to be tested on image sequences acquired with the final system which incor-
porates several improvements with respect to the initial low-cost prototype.

An underwater acquisition campaign took place in deep sea waters, near Portofino
(Italy) on September 6th, 2014 (fig. 4.8). The testing campaign required a complex
logistics support, kindly offered by the divers of Federazione Italiana Attivita Subac-

quee of Parma*.

Figure 4.8: Testing location in the Ligurian Sea, near Portofino (Italy).

The expedition was made of three technicians and eight divers, responsible for
both surface and underwater operations. Two rubber dinghies were deployed for peo-
ple and equipment transportation. The identified site for testing (GPS coordinates:
44°18741"N 9°12749"E) is a small inlet in front of Paraggi (Genova) and it is
0.7 NMT distant from Portofino and 2.6 NM from the harbor of Rapallo. The seabed

*FIAS, http://www.fiasparma.it/
TNautical miles. 1 NM = 1.85 km
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was roughly flat, with submerged cliffs and a water depth of approximately 10 m.
Despite the presence of sand on the bottom, water was clear and visibility perfect.

The underwater stereo vision system was submerged and maneuvered by two
divers (fig. 4.9). The main canister buoyancy is slightly negative, so it tends to sink.
For this reason it was also tied to a rope and held from the surface at mid-water, in
order to ease divers maneuvering. The main canister was connected to the control
station on the support dinghy with a power supply cable and an ethernet link. The
required 24V power was supplied by the boat. The ethernet link was arranged with
non-marine cables, due to their prohibitive costs over long distances. This led to a loss
of performance of the LAN connection that autonomously switched from Gigabit to
Fast Ethernet, preventing a smooth remote monitoring. However, the network link
bandwidth was adequate enough for remote operating the image acquisition. A set
of cylindrical pipes with different colors, patterns and radii ranging from 5 to 6 cm
was submerged and laid on the seabed. Cameras were slowly moved around in order
to collect images of both the environment and pipes, from different distances and

angles.

Figure 4.9: Vision system submerged at 10 m depth by a team of divers.

Cameras have been configured with a small baseline due to rather proximity of
target objects in the workspace. Images have been acquired at the maximum feasi-
ble resolution of 1292x964 pixels, in Bayer encoded format. Examples of grabbed
frames are shown in figure 4.10. Although cameras would be able to grab images
up to 30 fps, they were configured at 15 fps mainly because in underwater percep-
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tion applications images must be processed online, and a target frequency of 10Hz is
already challenging. Furthermore, acquiring images at higher frequency would have
led to bigger amount of data to be stored, with the unwanted risk of dropping some

frame.

Figure 4.10: Examples of collected frames with different types of submerged pipes.

The underwater testing session lasted approximately 22 minutes. The dataset is
made of roughly 20,000 image pairs, whose total size is about 44 Gb. The sequence,
cleared from useless frames of the initial sinking and final raising of the equipment, is
made of 10,123 stereo images. As stated in chapter 1, public datasets of underwater
objects are very scarce. For this reason, the collected dataset has been made avail-
able for download at http://rimlab.ce.unipr.it/Maris.html, accompanied with camera
calibration parameters in yaml file format [73].

During this campaign of data collection and in-field validation, the developed
system did not show any notable problem. Images have been acquired in high res-
olution and at the desired frame rate. Camera triggering, driven by an external mi-
crocontroller, produced fully synchronized image pairs. Several camera parameters
could be configured at a driver level, in particular exposure time, gain and white
balancing. The appropriate combination of these parameters led to rather good and
quality-constant image sequences, without variable color aberrations.

High quality lenses, even if used in a wide angle configuration, produced low
distorted images, as shown in figure 4.11. The rectified image (b) is rather similar
to the original image (a). This result has been also achieved by exploiting lenses

designed for larger image sensors. Camera sensors type was 1/3* which means an
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active diagonal of 6.00 mm while lenses could be combined with larger sensors, up to
1/1.8”, corresponding to a diagonal of 8.93 mm. Consequently, only the central part
of the image projected by lenses is collected by the sensor. Border areas, typically
characterized by greater distortion, are thus discarded.

(b)

Figure 4.11: Lens distortion: comparison between original image (a) and rectified image (b).

With the described combination of image sensor dimensions and used focal length
of 4.7 mm, the resulting camera field of view was roughly 2000 x 1500 mm at 2.0
m distance. Moreover, the high resolution sensor in which each pixel corresponds to
1.58 mm? at the same working distance of 2.0 m, led to a precise scene reconstruc-
tion. These achieved results satisfy the accuracy requirements for object detection
and pose estimation tasks, in the application context.

Iris range starts from f/1.6, suggesting luminous lenses, although they are of
varifocal type. In the experiments, a large diaphragm aperture has been used in order
to increase the quantity of light impressing the sensor. This configuration aided to
keep as short as possible the exposure time, although at 10 m depth the light radiation
was strongly reduced. A short exposure time led to still image frames, as shown in
figure 4.12. The top row shows two consecutive frames, taken by a camera moving
fast. The detail in the bottom row is taken from the top right image: pipe borders are
rather sharp with no typical motion blur effects.

The developed stereo imaging system exploited discrete high-end components for
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Figure 4.12: Absence of motion blur effects in images taken with moving camera. In the top
row, two consecutive frames. In the bottom, a detail taken from last frame.

both cameras and lenses, if compared with alternative out of the box stereo cameras
like Bumblebee. Lenses allowed to act on focal distance and iris to obtain a desired
FoV with optimal response to light. On the other hand, cameras permitted modifi-
cation of several parameters with impact on image stillness, brightness, contrast and
colors with a wide range of feasible configurations. The possibility of fine tuning the
image acquisition stage gives relevant benefits to the following processing steps.

The high end vision system has then been tested in 3D scene reconstruction tasks.
Although the disparity map, computed with standard OpenCV methods, reconstructs
seabed, fishes, divers, and other textured objects, it generally fails with pipes, as
shown in figure 4.13. Pipes have a flat texture which negatively impacts on block
matching algorithms [83] and pixel similarity methods [84], exploited in disparity
map processing.

Slightly blurred images and a bit of particulate in water suspension may cause a
decreased success rate in block matching. Thus, relaxing some parameters of dispar-
ity computation algorithm, like uniqueness_ratioand texture_threshold,

a more dense depth map could be obtained, even in correspondence of flat textured



64 Chapter 4. Field Evaluation

(b) (©

Figure 4.13: Disparity issues with untextured objects. Image with superimposed disparity

map (al) and 3D point cloud representation (a2). Examples of pipe reconstruction failures (b,

)

objects. However, the trade-off is in reconstruction precision. As shown in figure 4.14,
some distortions and rough errors occur, so that approaches exploiting the 3D recon-
struction may prove unreliable.

This qualitative result has been quantitatively confirmed by testing cylinder recog-
nition methods based on model fitting. The algorithm operates only on the points
corresponding to a ROI obtained, for example, with color-based methods. The suc-
cess rate of this approach is generally low with precision value about 60% and recall
about 40%. Experimental results [76], based on a small subset of available image se-

quences, showed that when there are enough 3D points lying in the ROI, the cylinder
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(a) (b)

Figure 4.14: Gross errors in disparity computation. Original image and disparity map (a).

Resulting 3D view of the pipe from two points of view (b,c) with evident reconstruction
eITorS.

Grey | Orange
Num. Frames 107 111
True Radius [mm] | 45.0 50.0
Avg. [mm] 55.6 85.7
Std. Dev. [mm] 36.9 32.2
Max [mm] 2495 | 1914

Table 4.2: Cylinder radius estimated in Portofino dataset for grey and orange pipes.

axis is computed with acceptable accuracy. Otherwise, the resulting pose is rather in-
accurate. The assessment of the object dimensions and, in particular, of its radius in
Table 4.2, showed an average estimated value rather close to the ground truth. How-
ever, a high value of standard deviation (about 3 c¢m) for both the grey and the orange
pipes suggested a noisy estimation, as it could be expected due to unreliability of

initial data.

Despite a full 3D reconstruction approach proved unreliable for underwater pipe
pose estimation, the seabed and underwater fauna were correctly reconstructed, sug-
gesting alternative valuable uses of the proposed stereo vision system. Stereo images
acquired by synchronized and high-quality cameras lead to dense depth maps of the

underwater sea-life and backgrounds, which are often characterized by highly dis-
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tinctive patterns. Thus, a 3D point cloud reconstruction of submarine environments
can be performed with the developed high-end vision system and exploited in appli-
cations like seabed mapping and biological targets monitoring (fig. 4.15).

(a)

Figure 4.15: Sea-life monitoring vision application. Original underwater image (a), disparity

map (b), and 3D point cloud reconstruction with highlighted fish (c).

The hardware architecture was able to compute the disparity map on full reso-
Iution images (1292x964), at a resulting frequency range between 3 and 6 Hz, de-
pending on processing parameters, and at even higher frequencies on resized images.
The achieved 3D processing performance matches the real-time processing require-
ments of most underwater applications, thanks also to typical lower speed motion of

submarine vehicles, compared with land robots.

A further analysis has been performed on popular approaches to object detection
like the feature constellation methods. The standard SIFT keypoint feature [85] has
been tested on sample images with different light conditions. Figure 4.16 shows few
examples of the resulting feature association between the model to be found and
an image containing the same object. The results are clearly unreliable. Although
features are in general less stable with texture-less objects like the orange pipe, the
associations are strongly affected by a different luminance of the target (e.g. in the
leftmost example of Figure 4.16 the model features are matched with another pipe).
Thus, a feature constellation method, which depends on the association between the
object model features and the extracted ones, is not recommended for underwater

recognition of texture-less objects.
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Figure 4.16: Results of constellation method with SIFT feature extraction and matching ap-
plied to images at different light conditions. The matches are represented by colored segments
between the features extracted from object model image (on the left) and those extracted from

each image. The resulting associations are rather unreliable.

Lessons learned in the performed field validation of the vision system suggested
a different approach to the specific pipe detection application within the MARIS
project, exploiting geometric features of the target object and an a-priori knowledge

of its characteristics.






MARIS Experimental Setup

As introduced in the preface of this thesis, the MARIS research project represents a
perfect test bench for the developed underwater vision system. The MARIS project
pursues the general objective of realizing a proof-of-concept experimental demon-
stration of the achievable capabilities in terms of submerged object detection and
cooperative grasping [86]. The first objective of the project comprises the realization
of an autonomous underwater vehicle, equipped with a robotic arm, an end-effector
and all required technologies to detect and grasp a submerged pipe. Once achieved
this result and verified the feasibility of grasping tasks by a single AUV, a second ve-
hicle will be equipped with all MARIS subsystems, and distributed and collaborative
control policies will be deployed and tested.

The goal of detecting and estimating the pose of a submerged pipe, with enough
accuracy to grasp and recover it, is “per-se” challenging and a step forward with
respect to current state of art. The most advanced experiment of underwater ma-
nipulation described in literature has been performed within the TRIDENT research
project [11]. In TRIDENT, the proof-of-concept experiment was the grasping of a
textured target object whose exact underwater representation was a-priori known,
in the form of pre-acquired images. Before TRIDENT, it is worth mentioning the
ALIVE [87] project in which the autonomous docking of an underwater vehicle was

performed exploiting a vision system and markers placed on the station.
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The MARIS project involves several italian research institutes, each one respon-
sible of a specific task. In particular, CNR-ISSIA is charged with the task of vehicle
development, University of Genova is responsible for the underwater robotic arm and
the free-floating control of the combined system vehicle-arm. The grasping hand is
developed by University of Bologna and integrated with the robotic arm, and, finally,
the underwater environment perception task is assigned to the University of Parma,
which is responsible for the development of the stereo-vision module. The Genova
CNR team was also responsible for system integration and testing, therefore activi-
ties described in the following sections took place with their support and under their
supervision.

The expected results of MARIS project research and experiments are, first of all,
the availability of small, agile and configurable autonomous underwater manipulation
platforms that should per se represent a step-forward with respect to current state of
art. As a matter of comparison, among few examples of developed AUVs for inter-
ventions, it is worth mentioning the SAUVIM vehicle which weights 6 tons and is
equipped with a 60 Kg arm [88]. The MARIS project philosophy of small, coopera-
tive vehicles lead the way toward real-world future applications, especially in the field
of offshore industries, which reasonably cannot be performed by a single robot. Long
pipe installations and maintenance, underwater manufacturing, large objects retrieval
and disaster recovery are examples of tasks in which a cooperative intervention is
required. Furthermore, MARIS project has pushed the research on underwater com-
puter vision systems. Results achieved in this thesis and in the development of vision
based techniques for underwater 3D reconstruction lead to a sensory subsystem with
promising applications in different marine fields.

5.1 System integration

The underwater vehicle designed and developed by CNR-ISSIA, named “Artu”, is
made of a stainless steel frame which holds the buoyancy, the eight thrusters, bat-
teries and the main canister including vehicle low-level control units, power distri-

bution, sensors and network connections (fig.5.1). Beneath the robot, an additional
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(a) (b)

Figure 5.1: CAD model of AUV “Artl” and manipulation arm (a); the real vehicle before its
first launch (b).

frame is attached to carry the payload. This modular design simplifies the integration
of subsystems by splitting the vehicle itself from additional items whose presence
depend on the particular experiment the vehicle is involved in. Furthermore, logistics
and maintenance activities are simplified too due to the possibility of decoupling the
vehicle from its payload.

The vehicle is about 300Kg in air, while it results neutral in water. Arti can work
as an autonomous underwater vehicle (AUV), powered by batteries, or as a remotely
operated vehicle (ROV), connected to the base control station by means of an um-
bilical cable. The cable has been designed for uses in deep water and for long range
missions, so its length exceeds 500 meters. It carries high voltage power supply to the
vehicle, analog video channels for environment monitoring cameras and a low band-
width LAN network. High bandwidth links (over 10 Mbps) cannot be established
due to the length of the umbilical cable. Hardware and software interfaces between
the vehicle and the MARIS system are handled by the “MARIS main canister”. This
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canister distributes 24V power supply to all subsystems and represents the center star
of the MARIS local area network. The low level vehicle control is uncoupled with the
MARIS control architecture for safety reasons: this design permits to reliably switch
to robot manual control in case of malfunctioning of the MARIS system.

The robotic arm provided by University of Genova has 7 degrees of freedom
and is mounted on the bottom of the payload frame. It weights 30 Kg in air and
about 10 Kg in water (fig.5.2.a). A gripper (fig.5.2.b) designed and assembled by
University of Bologna as an improvement of the one developed for the TRIDENT
project [89] is attached to the manipulator wrist. The robotic hand has three fingers
and its kinematic configuration allows to execute both parallel and precision grasps on
objects with diameter up to 200 mm. The gripper has 8 degrees of freedom actuated

by only three motors by means of a suitable coupling of the joints obtained through

Figure 5.2: Robotic arm and gripper in a stand-alone setup during integration tests (a); gripper
detail (b); ECU for both arm and gripper (c).
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the cable transmission. The gripper and the robotic arm share the same control unit
held in a very small underwater canister (fig.5.2.c). Communication between ECU
and actuators exploits a standard CAN bus.

MARIS subsystems have been placed on the payload frame taking care of di-
mensions and weights. The vision system canister is the one with biggest diameter
and it is heavier than the other two systems. Due to these reasons, it has been placed
in the middle of the frame (fig.5.3.a). The robotic arm is fixed beneath the vision
canister, slightly moved toward the bow of the vehicle. The MARIS canister and the
arm controller canister are placed at the sides of the vision system, shifted toward the
vehicle stern. For a better distribution of masses, two additional battery packs have
been fixed on the far sides of the payload frame. This distribution of weights should
prevent unwanted rotations of the vehicle when the arm moves around.

Figure 5.3: Mounting position of vision canister (a) and cameras (b).

Cameras must be able to observe the workspace of the robotic arm, possibly
from a point of view in which occlusions projected by the arm itself are reduced.
The best found solution was to put cameras outside the shape of the vehicle, looking
down with a small tilt angle. Cameras are mounted on a special bracket with rails
that allow to modify the baseline. In planned manipulation experiments, the system
is expected to work within distances of about 2 meters, so cameras have been kept

as close as possible with a resulting baseline of about 15 cm (fig.5.3.b). For same
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reasons, optics have been configured with a short focal length leading to a wide-
angle lens configuration. The result is a wider field of view with a trade-off in terms
of image distortion that can be anyhow reduced with camera calibration.

All the system are then connected with appropriate underwater cables. The com-

plete scheme of the MARIS system is summarized in figure 5.4.
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Figure 5.4: Simplified scheme of devices and connections of the MARIS AUV “Artu” and
other subsystems.
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MARIS systems relies on the state-of-art robotic framework ROS. ROS is widely
used among the robotic scientific community especially because it simplifies the com-
munication between multiple agents and provides diagnostic and monitoring tools
useful during integration tasks and experiments. The definition of exchanged mes-
sages footprint was performed in initial project development stages so that each part-
ner was able to develop every subsystem by perfectly knowing which kind of in-
formation would be available from other systems and which ones had to be, on the
contrary, provided. Focusing on the vision system, it provides the grasping goal frame
and, optionally, an additional frame for camera tracking. It also publishes some cal-
ibration matrices, which are statically advertised. The vision system does not need
information from other systems, although it can eventually subscribe to the manipu-
lating robot joints position in order to estimate arm self occlusions to camera images.
The consistency of the ROS architecture has been verified by evaluating the commu-
nication between each subsystem and the key manager of the ROS network, named
“roscore”.

Once all subsystems and their mutual communication have been verified, the

MARIS vehicle was ready to perform first tests in water.

5.2 Manipulation experiments

The preliminary expected outcome of the MARIS project is the deployment of an
intelligent autonomous underwater vehicle, able to detect an interesting target and
recover it to the surface. This result should necessarily be achieved before proceed-
ing with cooperative manipulation experiments. The following section describes the
activities that have been carried out within the in-field validation of the MARIS sys-
tem. In particular each subsystem has been verified, adapted and fine-tuned in order
to pursue the MARIS objective of performing a fully autonomous manipulation of a
submerged pipe.

Some earlier tests, performed in laboratory and out-of-water, have been con-
ceived, by the MARIS consortium, in order to verify the vision system and the float-
ing arm within the control loop. In a laboratory setup at CNR-ISSIA in Genova,
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available space constraints prevented the use of the AUV with the installed arm be-
neath it. As a feasible alternative, the arm was disconnected from the vehicle and
fixed to the laboratory ceiling while keeping all the MARIS subsystems connected
as they would be in the final setup. With this trick, the arm was able to move in an
appropriate workspace and some manipulation experiments could be performed. In
order to avoid error prone procedures like pipe detection and ensure a reliable 3D
pose estimation for system calibration and integration purposes, the vision system
was reconfigured to detect a checkerboard.

Goal of these tests was a preliminary qualitative validation of the system, es-
pecially concerning information exchange among all its subsystems. This goal was
obtained by performing a manual guided grasping of a pipe. Technically, this exper-
iment was performed by manually moving the checkerboard in front of the vision
system, which estimated a pose, used as fake grasping target. The goal frame was
then transmitted to the arm controller which consequently moved the manipulating
robot. Finally, when the end-effector was correctly positioned on the target object,
the grasp command was manually sent to the robotic hand.

The success of this experiment (fig. 5.5) allowed validation of the interaction
between vision system and arm controller and excluded rough errors. The MARIS
AUV was then considered ready for its launch in water.

Requirements of long testing sessions, together with the availability of a bet-
ter logistics support, have driven the decision of performing experiments in a pool
(fig. 5.6) and not directly in deep sea waters. The chosen location (Piscine di Albaro,
Genova) offers a 3.5 m depth, outdoor pool with a working area of about 15 x 20 m.
Logistics has been made easy by availability of power supply for all the devices, wifi
internet access and the possibility to deploy a fully equipped base control station for

experiments coordination and remote monitoring.
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Figure 5.5: Preliminary grasping experiment for vision and arm interaction validation. Ex-
periment setup (left) and image sequence of performed grasp (right).

Figure 5.6: Experiments location: “Piscine di Albaro” (Genova), an outdoor swimming pool
with depth of about 3.5 m.
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5.2.1 System calibration

The MARIS vehicle is made of multiple, heterogeneous systems working together:
vehicle, arm and vision system. Systems refer to a common reference frame (v), cho-
sen for convenience on the vehicle, and their configuration with respect to the ref-
erence frame must be known. For these reasons a system calibration is needed. The
arm subsystem is made of base (b) and several joints (J;), whose odometry with re-
spect to the base is perfectly known. consequently the arm calibration consists in
determining the configuration of the arm base with respect to vehicle frame (v1'b).
The plate for arm mounting on the vehicle is precise and not prone to tolerances,
so the vT'b transformation has been computed from technical drawings of the vehi-
cle. Regarding cameras, once the intrinsic and extrinsic parameters are known, the
3D representation of the scene is returned with respect to the left camera frame (c).
The transformation that represents the camera frame in the vehicle reference system
(vT'c) must be determined. Cameras mounting has been conceived to be flexible and
adaptable to different scenarios and cameras inclination has been adjusted manually
and cannot be inferred from technical drawings. Thus, the vT ¢ transformation should
be obtained by an appropriate calibration procedure. Frames and transformation ma-
trices involved in the calibration procedure are shown in figure 5.7.

The idea behind the calibration is to exploit the precise arm odometry and obtain
vT ¢ determination through a composition of multiple transformations and the help of
a checkerboard placed on an arm joint, as shown in figure 5.8. In details, a checker-
board is placed on the sixth joint, with the detected cross as precise as possible on
the joint rotation axis. In this way, the resulting transformation between arm joint
and checkerboard (6Tk) can be easily estimated. With an appropriate checkerboard
detector, the vision system estimates the ¢Tk transformation so that the resulting

transformation b7 ¢ is computed as:
bTc = bT6 x 6Tk x (cTk)™!

Once obtained b7 c, the vT ¢ transformation can be obtained by composition of bT'c¢
and vT'b, which comes from arm base calibration.

The vision system also requires that intrinsics and extrinsics camera parameters
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Figure 5.7: Scheme of camera calibration procedure by means of a checkerboard placed on
arm joint 6 and arm odometry.

are precisely calibrated underwater. Light refraction through multiple media (water,
canister glass, air, lenses) produces distortion that needs to be corrected. Manually
performing underwater calibration is often difficult due to needs of specially equipped

operators. A semi-automatic procedure has therefore been designed, exploiting again
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Figure 5.8: Calibration checkerboard on the arm sixth joint during the calibration procedure.

the robotic arm. With the checkerboard mounted on the sixth joint, as described be-
fore, the AUV has been submerged. The conventional camera calibration tool, based
on Zhang et al. [70] method and available in ROS [90] has been launched on the
onboard vision system. The arm has been manually controlled in order to move the
checkerboard in several positions and orientations in front of the cameras. Resulting
calibration was based on 60 image pairs and the computed matrices have been saved
for use in underwater environments. Out-of-water calibration data have been saved
too because the image acquisition driver is able to switch between different sets of
camera parameters depending on the context of operation.

Once the vehicle had been calibrated and prepared for water, it was possible to
proceed with preliminary tests of all components. In particular, the computer vision
system required a fine tuning of parameters and an adaptation of the processing
pipeline, depending on the working scenario in terms of water turbidity and light

conditions.
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5.2.2 Preliminary tests

The main objective of the first testing campaign, performed within the MARIS project
in March 2015, was a general testing of all subsystems and the collection of experi-
mental data for further improvements. Although the testing environment was a swim-
ming pool, water conditions were expected to be better. Lots of dirt was present both
at the bottom and on the water surface. Main problems, however, were caused by the
particulate in water suspension. Water turbidity, as shown in figure 5.9.a, led to mini-
mal visibility and blurred images. Furthermore, some dirt particles were collected by

the glass of the cameras, resulting in blotchy and distorted images.

(@) (b)

Figure 5.9: Pool water turbidity during March (a) and October testing sessions (b).

During these tests the vehicle was remotely operated and some pipe grasping
tasks were manually performed. Approximately 150 Gb of image dataset have been
collected. A few fully automated grasping trials were also attempted but poor under-
water visibility, spurious light reflections on the arm producing wrong ROI detection,
difficulties in keeping the pipe in camera FoV, led to failures. Nevertheless, the ex-
perimental campaign permitted to gather more precise information about the grasp-
ing task, the environment and the behavior of the AUV. On the basis of the lessons
learned, further improvements to the processing pipeline were planned and later de-

veloped and implemented in the system. The testing session therefore achieved the
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expected results.

The most important outcome of these preliminary tests was the need of a robust
pose estimation, even in case of temporary loss of the target object due to vehicle
and arm movements. The vehicle odometry, indeed, was not reliable enough for ma-
nipulation purposes (as could be expected) and information coming from the vision
system is the only reliable feedback. Due to these reasons, the necessity of a grasping
frame tracking algorithm clearly emerged in this testing campaign.

At the end of October 2015 another testing session took place. Initial plan for this
session was to perform grasping trials with the complete system working. However,
conditions of water were as shown in figure 5.9.b. The dark color stain is actually the
robot hand and the pipe is only visible as a very soft shade of yellow. These conditions
precluded any chance to complete underwater trials. Some tests were performed out
of water, with the pipe floating on the pool surface.

Goals of the out-of-water tests were the validation of the grasping system, work-
ing with information coming from the vision system. However, pipe detection al-
gorithms, being designed for underwater operation, are not meant for working with
direct sunlight illumination, where high gradient shadows occur. Therefore, initially
out-of-water pipe detection was performed with the help of a checkerboard marker,

as shown in figure 5.10.

D

Figure 5.10: Sequence of a vision-driven successful grasp performed out of water surface,

with the help of a checkerboard marker.

Taking advantage from the reconfigurability of the vision system, the pipe detec-
tion algorithm was then adapted to out-of-water conditions, thereby enabling trials

without the checkerboard marker. Out-of-water calibration data were set to cameras
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and image shooting parameters (exposure time, gain, color correction) were adapted
to the new working environment. Furthermore, some image processing settings were
modified in order to cope with the rather different light conditions, made of stronger
contrasts and sharp shadows. The reconfigured vision system allowed many success-

ful grasping trials, as shown in figure 5.11.

Figure 5.11: Sequence of a successfully grasping performed out of water surface.

During these experiments, the problem of arm and hand occlusions to the camera
emerged. The arm is usually in a “home position” in which only part of the hand is
visible to the cameras. When the arm approaches the pipe, a larger part of the image
gets occluded. The pipe detection algorithm is robust to occlusions of part of the pipe
but problems arise when the occluded part is the pipe terminal. Often it happens that
only one pipe terminal is within the camera FoV. When the hand occludes the only
visible terminal, the border of the hand is considered as the pipe terminal. In these
situations, the pose estimation fails. Furthermore, sometimes the arm links may be
confused for pipes, leading to erroneous ROIs in the early steps of the processing

pipeline.

To solve both these problems, the developed solution was to mask out the arm
and hand from the image. This improvement has been obtained by re-projecting in
the image plane the approximate shape of the arm and its end-effector. Results of
this arm-masking procedure in two different frames are shown in figure 5.12. The
effectiveness of this solution has been tested on collected datasets and then validated

in the next experimental campaigns.



84 Chapter 5. MARIS Experimental Setup

Figure 5.12: Examples of arm-masking technique performed by re-projecting the manipulator

approximate shape in the image plane.

5.2.3 Final experiment

As stated in the chapter introduction, the first result to be achieved in the MARIS
project is the feasibility of grasping tasks by a single AUV. The expected success
of a proof-of-concept experiment of a pipe grasping task, driven by information re-
turned by a computer vision system, precedes the “cooperative” stage of the project.
Furthermore, the experiment validates the vision system since it exploits the returned
data in the vehicle and arm “free-floating” control loop [91].

The final experimental session took place at “Piscine di Albaro” testing site from
December 15, 2015, lasted 3 days, and was preceded by system preparation activities,
carried out by CNR. The AUV “Arti” was moved to the testing pool, assembled
with the MARIS payload, made of arm, cameras and controlling canisters, and then
calibrated again.

Testing days showed variable weather conditions, from sunny to cloudy, with
comfortable temperatures. Pool water conditions were characterized by reasonable
clear water with some dirty precipitate on the pool bottom (fig. 5.13). The water
height was reduced with respect to previous performed tests by approximately 80
cm. The lower water depth led to some difficulties in pipe detection because of the
reduced feasible workspace and the consequently reduced FoV of cameras, which

were forced to look at a nearer pipe, often not fully contained in the image frame.
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Figure 5.13: Water conditions of reduced turbidity during final experiments. Picture taken

from out-of-water (left) and pictures shot by underwater cameras during day (top, centre
right) and evening (bottom right).

The vehicle, operated in a ROV configuration, explores nearby until the target
pipe has been detected by the vision system. As soon as the pipe pose is consistently
estimated, the vision system returns the goal frame for the camera tracking and the
vehicle becomes autonomous. The AUV control switches to “free-floating”, which
means that the system comprising vehicle and arm is considered as a single entity
with appropriate goals. In particular, the free-floating control aims at reaching two
objectives: to keep the left camera centered on its tracking frame, in order to always
have the best feasible view, and to reach the grasping frame with the robot end-
effector to grasp the object.

The pipe detection and pose estimation algorithms used in the final experiment
exploited a processing pipeline made of several components. Among the explored

solutions described in chapter 3, the most reliable and robust algorithms have been
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preferred. In particular, color and geometric shape have proven to be reliable features
for object detection and pose estimation.

Raw images acquired by both cameras are initially preprocessed to remove lens
distortion, apply Bayer filter and restore color components. Then, a Region of Inter-
est (ROI) is searched by means of an approximately known color of the target object.
At that point, the ROI is slightly expanded to ensure that pipe borders are within the
considered area and an edge detector algorithm extracts the main border directions.
Finally, the pipe 3D pose is computed by projecting and intersecting in the 3D scene
the planes corresponding to detected edge directions. Constraints regarding the object
size, which is a-priori known, are also exploited for a better robustness of the pose es-
timation. The arm re-projecting technique described in chapter 5.2.2 has been used to
avoid wrong detections of the pipe terminals. Figure 5.14 shows the visual feedback
of the processing algorithm. In particular the blue line represents the re-projection
back to the image plane of the pipe longitudinal axis, based on the estimated 3D
pose. The image shows that the re-projection matches with the pipe and qualitatively
confirms the effectiveness of the algorithm.

Reliability of the returned grasping frame is enhanced by a tracking technique that
filters out erroneous spike measurements and compensates for short interruptions,
typically caused by loss of the pipe terminal in the image.

Trials have been performed with different weather conditions, leading to different
kinds of illuminations. Experiments have been carried out till after sunset with natural
ambient light slowly fading out and leaving space to artificial illumination (fig. 5.15).
In deep waters, indeed, natural light is low to absent and cameras can only rely on
AUV lights, with increased phenomena of backscattering due to closeness of light
projection line and camera optical axis.

Pipe grasping has been successfully performed in 5 trials out of a total of 9 ap-
proaches to the target object where vision has been triggered for detection. Additional
experiments have dealt with other aspects of the MARIS system. Successful grasps
comprise both tests in daylight and after sunset (fig. 5.16), showing a great robustness

to different light conditions.
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Figure 5.14: Stereo image processing for pipe detection during daylight (top) and evening
(bottom) trials. Colored lines represent the detected and refined borders. The blue line repre-

sents the re-projection of the detected pipe in the image plane as a qualitative feedback.
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Figure 5.15: Experiments performed after sunset with low ambient light.
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Figure 5.16: Successful pipe grasping sequence, from pipe approach (left) to pipe recovery

(right). Central line shows underwater images which have been post-processed to enhance
scene visibility. Bottom line frames have been recorded with a GoPro camera mounted on a
small ROV (VideoRay)

Graphs in figure 5.17 refer to two of the five successful trials and show the trend
of cartesian and angular errors between the grasping hand frame and the goal frame
during the approach to the pipe. Error values are computed as a difference between
pose of the arm end-effector and estimated pose of the pipe with respect to the vehicle
frame. Values are thus affected by noisy and wrong estimations of the target object.

The graph in figure 5.17.a shows a successful approach to the pipe with decreas-
ing angular and cartesian errors, until the pipe is actually grasped. Results of a second

trial are presented in figure 5.17.b also highlighting some misses grasp opportunities.
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Figure 5.17: Robot end-effector translation and rotation errors with respect to the grasping
goal in two pipe-approaching trials. Green arrows approximately mark the time when the
grasp took place and red ones the missed grasp opportunities.

Error values decrease for some time (in interval 25s - 60s) and the end-effector is
close and aligned with the pipe, but the MARIS control system does not command

grasp execution because of insufficient confidence. Only at about time 240s the grasp
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is eventually performed with success.

The apparently low success rate of the vision-based grasping experiments is
worth a deeper analysis, in particular on failure causes. Regarding pipe detection,
a shallow pool reduces the distance between the target object laying on the floor and
the vision system. Objects closer to the camera result bigger and parts of them are
often outside the sensor field of view. The pipe detection algorithm requires part of
object borders and at least one terminal. During the approach maneuver, movements
of the vehicle and occlusions produced by arm and hand may significantly reduce the
camera FoV, leading to unwanted loss of the pipe terminal. This problem, however, is
only related to the shallow pool environment. In deeper waters, the AUV can easily
keep the whole pipe in the cameras FoV by planning an appropriate approaching tra-
jectory. Failures related to the described issue cannot be ascribed to the vision system,
so the achieved result of 5 correct graspings can be considered a successful in-field

validation of the proposed system.

During these long-lasting experiments, the vision system did not exhibit any hard-
ware problem and showed a reliable behavior. The system was able to process images
at roughly 7.5 Hz while at the same time images were stored and compressed with
bzip algorithm. The file compression task saturated one of the eight available CPU
logic cores. During the experiments the CPU temperature was logged and the result-
ing trend (fig. 5.18) showed a stable average value of 71°C, reached with a very short
transient. This limit temperature is far lower than the CPU warning temperature of
82°C.

Table 5.1 summarizes data of the three experimental sessions performed to assess
the underwater manipulation task within the MARIS project. Further experiments
will be planned in sea waters with improved vehicle control algorithms, giving the

opportunity to validate the vision system in several different scenarios.

Working in underwater environment is still a challenging task. Making every de-
vice ready for water leads to several difficulties that need to be addressed. Electronic

components need to be sealed in appropriate canisters, generating heat dissipation
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Figure 5.18: CPU temperature logged during the experiment. A stationary average value of

71°C is reached and maintained during the whole session.

Test Sessions March 2015 October 2015 December 2015
Site Pool Pool Pool
Water Depth 3.5m 2.7m
Water turbidity Medium High Low
Weather Cloudy to rainy Sunny Variable
Artificial illum. YES
Testing hours 40 52 24
Collected data 150 Gb 78 Gb 228 Gb
Achieved results | Data collection | Out-of-water grasps | Underwater grasps

Table 5.1: MARIS experimental session data.

and maintenance issues. Furthermore, several components in the high end underwater

vision system must still be developed as prototypes since adequate consumer prod-

ucts are not yet on the market. However, these are the same reasons that encourage

research in this pioneering field, in order to increase the technical readiness level and

robustness of developed prototypes and push them toward an industrial production.






Conclusion and future works

The main goal of this thesis was the development of a novel high performance under-
water vision system for interventions. Although several steps forward have been made
in technologies for ground, air and space robotics, underwater is still a marginally
explored frontier, especially with regard to autonomous and interventions robotics.
Autonomous vehicles, indeed, require a constantly updated representation of the en-
vironment and therefore a real-time processing of perceptual data. On the other hand,
underwater intervention tasks are characterized by the same requirements in terms of

perceptual accuracy as manipulation activities performed out of water.

The limitations of other sensors, like sonar and laser, mostly in term of poor res-
olution, variable perceptual range and high costs, have brought an increasing interest
in computer vision solutions for underwater applications. However, moving solutions
and approaches deployed in standard robotics, such as vision, to underwater scenarios
is not easy due to peculiarities and limitations imposed by water. Of course, the ap-
plicability of computer vision in the underwater environment, like for any perceptual
modality, will depend on the specific operational context, including the availability

of natural or artificial light in the scene and the transparency status of water.

Although computer vision has already been exploited for underwater perception,

most experiments have been performed in controlled environments, like pools, with
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ideal conditions of illumination and visibility. Furthermore, most underwater com-
puter vision applications are related to observational tasks, like seabed mapping or
biological life monitoring, which do not require online processing nor the precision

needed in manipulation and grasping activities.

Designing a computer vision system for underwater perception is therefore a
challenging problem, especially if the final goal is to develop a reliable architecture
able to cope with difficulties coming from real environments and different working
scenarios. This thesis went through the analysis of the perception problem in real
underwater environments with the purpose of understanding and facing some of the
open issues that still prevent a larger diffusion of computer vision in submarine ac-
tivities.

For this purpose, Chapter 1 has been devoted to an analysis of the state of art of
the computer vision based solutions for underwater perception. The survey was fo-
cused on autonomous underwater vehicles for interventions and showed the limited
maturity of these technologies and experiments: only few example prototypes have
been developed in the last twenty years. The analysis has also considered monitoring
and mapping applications with the aim of understanding the main issues related to
underwater vision. This preliminary study has shown that the multiplicity of water
and light conditions has led to different computational approaches in order to cope
with unwanted reflections, color aberrations, image distortions and so on. The survey
has shown also the lack of dataset publicly available: the dearth of shared experimen-
tal data, combined with the technical and logistic difficulties in performing submarine
experiments, clearly prevents an extensive approach to underwater computer vision

by the scientific community.

In order to cope with the lack of suitable datasets, in this thesis a low cost pro-
totype has been designed and developed. The system has been conceived as a small,
portable, self powered and self monitoring unit able to record image sequences of
underwater environments and submerged objects for several hours. It was based on
standard components like webcams, solid state drives, small form factor motherboard
and low thermal-design-power CPU. The system, embedded and sealed in a transpar-

ent water resistant box, was equipped with a remote control unit and temperature and
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humidity sensors for safe operations and self shutdown. The prototype was exploited
in some testing campaigns performed in real environments (Garda Lake, Italy) and

led to the collection of hours of image sequences.

The lessons learned in the prototype development, together with further consid-
erations coming from state of art analysis and initial algorithmic investigations of the
detection problem, led to the definition of technical requirements for the high end un-
derwater computer vision system, that represents the main outcome of this thesis. In
particular, the design of the high end computer vision system has addressed the lim-
itation in computational power of ECUs generally used in underwater vehicles, that
prevents a larger diffusion of computer vision for the specific operational context.

Although it should be desirable to exploit high end CPUs, power consumption
constraints must be taken into account when working with autonomous vehicles in
order not to excessively impact on mission time capabilities. Thermal balance of
computational units, sealed in underwater containers, must be taken into account.
Chapter 2 discussed these aspects and the design process of the final system. The
philosophy behind the development was then the achievement of the best trade-off

between computational power, energy power consumption and heat dissipation.

Image sensors have been chosen with high resolution and good frame rate to en-
sure enough precision in detection and pose estimation tasks. Due to the importance
of color as a distinctive feature for region of interest detection in different water con-
ditions, cameras are able to retrieve color images. The computational unit is made
of multiple CPUs in a flexible architectural design which achieves some degree of
failure awareness by means of realtime monitoring of the main sources of fault, char-
acterizing underwater operations. The mechanical and thermal design of the canister
allowed the deployment of a high performance Intel Core-i7 CPU, combined with
auxiliary ATOM and ARM CPUs. The connection between systems and cameras ex-
ploits gigabit ethernet network interfaces with high bandwidth capabilities.

Both the first prototype and the final system have been tested in stressing con-
ditions in order to validate the water resistance and to evaluate power consumption
and adequate heat dissipation. Both developed systems have fulfilled the require-

ments. The high end vision system was able to support several processing pipelines,
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described in Chapter 3, demonstrating its capability to adapt to different tasks and
different scenarios. This result is a step forward in state of art of computer vision

system for underwater autonomous vehicles.

The developed system has been then evaluated in real world environments. Chap-
ter 4 has described a testing campaign that took place seawards of Portofino (Italy).
In a real submarine scenario, at approximately 10m depth, a dataset of stereo images
of submerged objects has been collected. The dataset has been publicly released and
represents a unique and important contribution to the scientific community for re-
search activities in the field of underwater object detection. Furthermore, collected
images have been used as a test-bench for the development of pipe detection and
pose estimation algorithms that could be computed on-board and in real-time on the

proposed system.

Finally, the computer vision system has been integrated into the autonomous un-
derwater vehicles developed by the MARIS consortium. The integration has com-
prised both a hardware stage, for components placement and adaptation, and a soft-
ware stage for functional integration. Cameras mounting, orientation and distance
between sensors have been adapted to the specific task the vehicle should perform.
The canister has been placed on the bottom-centre of the vehicle payload for bet-
ter weight balance and it has been connected to the robot LAN network and power
supply. The vision system relies on the state-of-art robotic framework ROS, which

simplified the communication between multiple agents and nodes.

Integration activities in the MARIS AUV demonstrated the flexibility of the de-
veloped system, which was able to communicate with the robotic arm equipping the
vehicle, and return a grasping goal frame in less than one day of work. The system
has then been used within the activities of the MARIS project and configured with an
appropriate algorithmic suite to perform pipe detection and pose estimation. Several
testing campaigns have been performed in a pool with the MARIS complete system
and variable water turbidity, different weather conditions, both during day and night.
The computer vision system, combined with the processing pipeline expressly de-
ployed, has shown adequate functionality and performance, supporting the AUV in

achieving the project goal, that is a reliable grasping of a submerged pipe.
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Some research and development themes have been left open by this thesis. One
of the major problems in experimenting with AUVs and ROVs is the limited network
bandwidth between the vehicle and the remote monitoring station. Indeed, the um-
bilical cable carries a LAN network with bandwidth limited to few megabits, enough
for command and feedback exchanges and console connection to onboard systems.
This constraint generally prevents a smooth transmission of digital images collected
by onboard cameras, leading to difficulties in remote monitoring. ARM board like
Raspberry-Pi are now equipped with hardware H.264 encoders which are able to on-
line encode and stream a video over network even with very low bandwidth. Further-
more, encoding images in standard formats like MPEG-4, makes the video stream
playable over multiple platform like PCs and mobile devices. Another promising
satellite application which exploits the image stream, could be the deployment of an
intuitive HMI. Indeed, additional information regarding the status of the system and
virtual representations of processing output, in a sort of Augmented Reality applica-
tion, could be superimposed to images and delivered to the monitoring station through
the vehicle umbilical cable. The proposed solution, could exploit open source multi-
media frameworks like gstreamer [92], whose portability to ARM architectures has
been verified. Developing an effective and intuitive HMI for underwater application
is a still open and interesting research theme. In the last 15 years, very few endeav-
ors [93,94] have been focused on interaction with underwater vehicles, mainly due

to technology limitations which could now be addressed.

Finally, ARM-based devices recently released on market show highly increased
performance with respect to first generation Raspberry-Pi boards. These computa-
tional units exploit up to 2GHz, quad-core ARM CPUs, DDR3 RAM and gigabit
ethernet, while keeping the same thermal design power. These powerful devices could
be exploited for camera images acquisition and, possibly, image distortion correction,
which is the first step in the processing pipeline. Using the ARM board for camera
frames acquisition is even more reasonable if images need to be encoded in a video
stream, as suggested before. In fact, performing image acquisition and encoding on

the same architecture aims at reducing the network load between vision ECUs.

A further advice is related to the main computational unit and the possibility of
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increasing the CPU computational power. The system, as it was designed, is stable
both underwater and in air but any change that increases the thermal design power
of internal CPUs may lead to overheating. Furthermore, stability in air is guaranteed
only if heavy load activities like image processing are suspended. Thus, a technology
increasing robustness and safety of the system in critical situation is of interest. A
promising solution could be the removal of air inside the canister and its substitu-
tion with mineral oil. Technology of liquid immersion cooling is already successfully
applied to data centers with an increasing interest by large international players like
3M [95]. Mineral oil is dielectric so it is safe regarding electrical circuits and ensures
a better transmission of heat from warm zones to cold canister walls, facilitating the
heat dissipation. Of course, every cooling fan should be replaced with passive heat-
sinks. Furthermore, the removal of moving parts lead to better reliability, because of
reduced risk of failures resulting in immediate overheating of electrical components.
The trade-off of this solution regards maintenance, which becomes much more com-
plicated. The vision system developed in this thesis has shown its reliability during
the MARIS testing campaigns with no need of canister unsealing. For these reasons,
placing the entire system in an oil bath could be a promising step forward, enabling

higher CPU performance, increased heat dissipation and better reliability.

Possibility of future upgrades was one of the key requirements of the project,
and it guided the components selection toward standard and off-the-shelves items.
However, recently, some hardware producers [96,97] of embedded systems started
to release on market small form-factor boards, compliant to PC-104 standard, with
high end CPUs (fig. 5.19.a). These systems offers advantages in terms of size, lead-
ing to underwater canisters of smaller diameter, extended temperature working range
and modularity (fig. 5.19.b). The system proposed in this thesis, indeed, has been de-
signed to equip middle size vehicles for interventions like “Artu”. However, there are
families of smaller AUVs and underwater gliders with demanding tight constraints
on payload size and weight. These vehicles are generally deployed in patrolling and
monitoring applications and would benefit from availability of high performance vi-
sion systems. A complete re-design of the proposed system, based on newly released

PC/104 components, can be tackled to extend the range of use at multiple kinds of
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underwater vehicles. Trade-off regards overall costs of the system and possible diffi-

culties in future upgrades and maintenance activities.

(a) (b)

Figure 5.19: Example of Intel Core-i7 PC-104 board, produced by RTD (a); representation of
PC-104 stack concept (b).
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