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Robots are highly present in manufacturing processes, being relevant assets for man-
ufacturing companies that develop tasks that increase the value of the product.
Those tasks are normally considered repetitive and in some cases hazardous for hu-
mans, as could cause boredom and lead to injuries (for example, painting a car)
or directly because the tasks that are developed are hazardous (such as welding or
the manipulation of toxic elements). The use of robots in manufacturing processes
improve both the safety and the efficiency of processes in a company.

Nowadays, the range of tasks that are developed by robots is getting wider, and
are able to develop tasks that require higher dexterity and precision. To improve
the performance of robots, the use of visual perception techniques and the use of
Collaborative Robots are two of the main research fields in Robotics, with the pur-
pose of giving robots the possibility to interact with humans without compromising
worker´s safety and developing the tools to overcome changes in the environment
that could compromise the development of the task.

The aim of this thesis is to demonstrate that Cobots can be an adequate solution
to work in manufacturing environments developing dexterous and precise tasks that
nowadays are developed by humans, by putting together the two main challenges
that manufacturing industries are facing nowadays: Cobots and Visual Perception.
This demonstration will be done by using a Cobot to assemble a connection panel
by using visual perception techniques to detect cables. In addition to the detection
of cables, the manipulation of deformable linear objects such as cables is faced in
this project.

To fulfill the objectives of the thesis, the first part of the document presents a
review of the literature that is related to those research fields, highlighting different
Visual Perception techniques and the grasp taxonomies. After this literature review,
an approach taking into account the recent advances in these fields is exposed to
solve the problem.

After the project development, it has been proved that by using simple image
processing operations high-accuracy (97,14% testing 25 different situations) can be
achieved to solve an object-detection problem. Indeed, the time consumed to ma-



nipulate the cables is also reduced compared to humans.

Keywords: Cobots, Visual Perception, dexterous tasks, Automotive industry, Im-
age Processing, Collaborative Robots.
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1 Introduction

1.1 Background

Robots are part of most of the manufacturing processes that occur in industry.
Those robots are used to develop repetitive tasks that could cause boredom and
could lead to injuries to the worker [1], improving the quality of manufacturing
processes with high precision. The market of robotics will continue growing in
the incoming years, where the improvement of quality and productivity will be even
more because of the decrease of prices and the new capabilities industrial robots will
have. The trends in industrial robotics, according to [2], are: collaborative robots,
Industrial Internet of Things (IIoT), Industry 4.0. and moving into smaller markets.
These trends tend to create a safer and more connected manufacturing environment,
where workers will work alongside with collaborative robots and where data acquired
from the devices integrated in the manufacturing processes will increase efficiency
with machine visibility, data analytics or a better predictive maintenance. The au-
tomotive manufacturing industry is one of the most automated supply chains in the
world, where robots are an important asset, since Ford started them in 1970s doing
tasks such as welding (the most important task for robots in automotive manufac-
turing) or painting. Even if robots have improved production lines efficiency, some
of the assembly tasks are still done by humans, as robots are supposed to be too
robust or not good enough to adapt their requirements to a changing environment
(tasks as the assembly of cables or the assembly of small components). Collabo-
rative robots are also being incorporated in automotive supply chains [3], even at
first some people were skeptical about the integration of robots with workers alto-
gether. This integration has enhanced the human productivity, and some studies
revealed that this productivity could have been increased around 85%. Nowadays,
the main challenge for Cobots is the fine dexterity and rapid decisions in changing
environments that would ensure a high production efficiency [4].

To address the challenges that Cobots (and robots in general) industry are facing,
the main approaches that are being proposed go in the same direction, the use of
Perception Technologies. During the last decade, computer vision has being a field
where research and new applications are being developed. Many of these applications
are related to identifying objects or persons, but also many other applications have
been developed, as solving healthcare problems from images. The main problems of
making computer vision solutions that could be applied are related with the amount
of data that has to be processed in an image to find a solution, and how to obtain
the patterns to find proper information. However, deep learning and artificial neural
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networks have simplified this problem by searching for patterns in an automated
way, reducing the degree of complexity of computer vision and making possible the
application of these technologies in many applications.

1.2 Problem definition

In this work, the assembly of a connection panel will be done by using a Cobot,
being considered a task which is not automated in manufacturing processes where
many interconnected variables have a role in the process that have to be connected
and where the gripper is crucial as the grasp and connection of cables is a task
which require high dexterity. This topic is considered a research topic where visual
perception, robot controller and grippers have to be connected adequately to develop
the task.

The purpose of this project is to combine Cobots and Vision Perception and
demonstrate how the combination of them could improve the dexterity and the
adaptation of robots to changing environments.

1.3 Objectives and scope

The main objective of this work is to demonstrate that Cobots could be an adequate
solution to manipulate cables in manufacturing environments with dexterity and
being faster than humans that currently develop this task, avoiding time consumed
by humans to be focused in just one grasp of the cable (with Cobots it would be
possible to grasp both grasps of a cable at the same time) and increasing the velocity
to connect the cables, as robots make faster movements compared to humans. In
future works, the scope could be wider, using robots to manipulate the cables that
are assembled in some parts of a car in real manufacturing environments.

1.4 Outline

The structure followed in this project is: Chapter 1 is a brief introduction of the
project, where objectives and scope of the thesis are introduced; Chapter 2 reviews
the literature related to this work, taking into account the advances in different
technologies and some applications that could be useful for this project; Chapter 3
explains the proposal done to approach the objective and how it has been imple-
mented; Chapter 4 presents different situations that have been tested and the results
obtained, to evaluate how effective the proposed solution is; Finally, in Chapter 5
the main conclusions are defined and the future works that the author thinks could
be done are determined.
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2 Literature review
With the 4th Industrial Revolution, manufacturing processes evolve constantly, im-
proving to satisfy the demands of the client while optimizing processes and using an
approach where modifications can be applied easily, being possible to satisfy new
requirements. In this section, technologies that are most related to this thesis are
reviewed and the main advances that have been achieved are exposed.

2.1 Industrial robots manipulators and cobots

The main advance in manufacturing processes in the last years have been the au-
tomation of processes. By definition, automation is “the use of machines and com-
puters that can operate without needing human control”. Even if the definition is
not the most appropriate in my opinion (as human control is what makes possible
automated processes), it can be understood that automation is the ”replacement of
man by machine for the performance of tasks, and it can provide movement, data
gathering, and decision making”, as defined in [5], as human control is still needed,
but the physical human labour to fulfil a task is not needed when a process is au-
tomated. This automation has been achieved during the last years by the presence
of robots in manufacturing processes, but robots have been there long time ago,
since 1961, when General Motors included a robot in a manufacturing process. In
the beginning, this field was hesitant to include robots in their manufacturing lines,
not only because of the fear of people to lose their jobs because of robots (even if
it has been demonstrated that robots enhance manufacturing processes by helping
humans, not by substituting them), but also because in some cases they thought
that robots wouldn´t be useful in their processes. Little by little, this perception
has changed along with a reduction in costs and complexity in terms of use and
an increase in terms of capabilities, and nowadays robots are present in most of
the processes involved in manufacturing, in Small and Medium Sized Manufacturers
and also in Big Sized Manufacturers.

In this section, a brief summary of the history of robots will be presented along
with the most related tasks, followed by a categorization based on the topologies of
industrial robots. Collaborative robots will be presented at the end as a new trend
in manufacturing processes.

Brief historical review of Industrial Robots

As commented above, in 1961, the first industrial robot was incorporated in a man-
ufacturing process. This robot was developed by the company Unimation and was
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called Unimate 1, being moved by an hydraulic driven motor and stacking die cast
parts as first task, having as memory a magnetic drum that stored the instructions
needed for the task. After this achievement, General Motors expanded the use of
robots and in 1969 a major installation was installed by developing also welding
tasks. In 1973, KUKA developed the first robots with 6 electromechanical driven
axes, and Hitachi incorporated the first vision sensors to track moving objects.

The following ten years were incredibly active in the field of robotics, and many
achievements were fulfilled: the first fully electric microprocessor-controlled robot
was launched (IRB 6, 1974), assembly operations were incorporated (SIGMA robot,
1978), the first Selective Compliance Assembly Robot Arm was developed (SCARA,
1978) and others. This achievements increased the use of industrial robots, and, in
1983, 66.000 robots were in operation (10 years earlier, just 3.000 were in use). One
year later, in 1984, Adept simplified the design of robots by including the motors
directly to the arms, what was considered as a great achievement as from then robots
could have a smaller size and accuracy and reliability improved. By 2003, 800.000
robots were in operation. After that, the main improvements have been achieved in
robot controllers, being the main research field during the last years, among with
the inclusion of collaborative robots in working environments where humans and
robots work together.

Since the inclusion of robots in manufacturing processes, many sectors have
incorporated them to optimize their systems, being always the automotive sector
the one that has been more related to them. Figure 2.1 (taken from the IFR World
Robotics(2013)) shows the estimated supply of industrial robots by industries, where
the automotive sector is the one that needs a higher supply of industrial robots.
The IFR World Robotics also made a study showing the number of robots used in
different industries per number of employees (Figure 2.2), where it is noted how
important robots are for the automotive industry. Even with these results, new
robot applications can be applied to this industry, particularly in trim and final
assembly operations, such as the assembly of cables in cars.

Industrial robots can be categorised into hard or soft automation, depending on
their role in the automated system. Hard automation involves a specific task that
is optimised and without flexibility, while soft automation allows different tasks by
using similar equipment, but less optimization is achieved. From the beginning,
industrial robots have been used to develop intuitive and repetitive tasks such as
welding or painting with predefined paths, but nowadays more complex tasks that
require other senses such as visual perception or the hearing sense to apply more
accurate tasks.
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of this type of robots are the simplicity, the range and heavy capacities, being
cheaper than other solutions and making them a good choice for simple operations
such as picking up objects or palletising.

- Cylindrical: the main movement is cylindrical and two linear movements are
allowed to go up and down and to allow movements in the around the cylindrical
pole. Those robots are used in some manufacturing lines to do tasks because are
faster to go from one point to another if predefined.

- Spherical: a twisting joint is the main component, in addition to a linear move-
ment allowed. Even if those robots where used years ago, nowadays the footprint
that they have in industrial processes is small.

- SCARA: Selective Compliance Assembly Robot Arm. The joints allow both
vertical and horizontal movements. Two joints allow the movement along the hori-
zontal plane and one linear movement is allowed along the vertical axis (have just 4
DoF). Those robots have small capacities and the range is about 1m, but is normally
faster than articulated robots.

- Parallel: those robots are built from a single base that connects many paral-
lelograms. The main advantage of these robots is the high-speed repetition, such
as separating certain types of objects (for example, are used to separate rubbish to
recycle by using visual sensors).

Those robots can be used to interact with humans developing tasks by collabo-
rating with them. The following subsection focuses on these Collaborative Robots
or Cobots.

Collaborative robots

Collaborative robots intend to share with humans a workspace and work together
were introduced in 1999 at Northwestern University, in Evaston (Illinois), defined
as ”an apparatus and method for direct physical integration between a person and
a general-purpose manipulator controlled by a computer”[4]. However, it wasn´t
until 2004 that the first collaborative robot was built by FANUC. At that time, the
main problem of those robots was the safety that workers had to work with and how
restrictions could be applied to robots to avoid risk situations. Four years later,
Universal Robots released the UR5, that was able to operate safely with humans,
settling Cobots as a flexible, safe and cost-efficient robots. Since then, many Cobots
have been presented, existing currently 19 different Cobots on sale (some examples
are ABB YuMi, Yaskawa Motoman or UR10) with different features (the main
differences are the Degrees of Freedom and the number of arms). The main reasons
that make Cobots unique and a good solution are [4]:

- Affordable: the average cost for a cobot is 24.000$. Depending the size of the
company, this price could be low or high, but, even for Small and Medium Sized
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- Collaborative and safe: the main advantage of Cobots. Safety is ensured when
these robots work alongside employees.

At the beginning, as happened with industrial robots, people were skeptic about
the possibility of using them in industry processes. Nowadays, however it is a
market that is growing at a 50%/year pace and could have around 3 billion dollars
in revenue by 2020 [4]. The current trend that this industry is experiencing focuses
on the fine dexterity and making rapid decisions to avoid changes in the environment
to keep on with the production. The approach that the Cobot industry is taking to
address these challenging trends is the use of faster processors and integrated vision
systems, to be able not only to detect problems and changes in the environment and
differentiate them from an operator (where safety should be the main objective),
but also to react fast to find a new path to avoid an obstacle without stopping.

It looks that Cobots are useful to work alongside people and develop tasks in
changing environments, but: What are the industries that need these solutions to
improve their processes? According to [6], as for industrial robots as a whole, the
automotive industry is again the leading industry to use Cobots in their assembly
lines, developing more accurate tasks such as the assembly of the inside compo-
nents of a door. Another industry that feels Cobots are an appropriate solution
to develop some of the tasks done in their production lines is the food processing
industry, where Cobots are used to package the more delicate items to prepare them
for transportation. The third field where Cobots are more used is electronics, where
Cobots adapt themselves to fulfil different applications, such as assembly or inspec-
tion. This industry´s forecast points that there will be more high mix, low volume
production (on-demand or micro-manufacturing), what makes Cobots even more fit-
ful for this industry as are easy to reprogram and with vision sensors these changes
could be detected even directly. This list keeps on and it is noted that Cobots are
being used in a big list of industries, comprising food processing, manufacturing,
construction, healthcare, steel and chemical industries (where awkward workpieces
are handled by Cobots), textile industry and others.

2.2 Grasp and manipulation taxonomies

Manipulating objects is not an easy task to be applied in robots. Even if for humans
it is instinctive or natural to grasp objects and manipulate them, this task is defined
by the geometry of the object, kinematics, dynamics and constitutive relations (such
as joints, fingertip deformations, friction conditions or others). To determine the
way a robot should manipulate an object, the grasp taxonomy of humans has to
be studied, not only studying the object that has to be grasped, but also the task
that has to be done with that object (the taxonomy to grasp a cable is different if it
has to be moved than if it has to be inserted in a pin), as shown in Figure 2.4. In
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In [15], a grasp taxonomy is proposed based on the contact points between the
hand and the object. In this proposal, grasps are divided into volar (if the palm
surface is involved in the grasp) and non-volar (if not, and are further classified as
fingertip grasps and composite non-volar grasps), which is similar to precision and
power grasps, excepting the lateral pinch, that is considered non-volar and power
grasp.

In 1999, C.M. Light [16] did a review of natural and prosthetic hands, with
an approach that is more related to daily activities, while the approaches related to
robots is more related to manufacturing activities. Later on, in 2002 [17], a statistical
approach was presented, where volunteers elaborated some tasks (12 abstract tasks
and 14 daily activities) and the grasp was evaluated, establishing only 6 classified
grasps: lateral, power, tripod, tip, extension and spherical. Those studies note
that the study of grasp taxonomies was not only done to be applied in the field of
robotics, but also in others such as medicine.

Not a long time ago, [18] in 2014 and [19] in 2015, were more concerned on
defining a grasp taxonomy easier to apply on robots. [18] evaluated the activities
two subjects did during a typical day, trying to classify them into an already defined
grasp. After the evaluation, it was not possible to classify many grasping actions
(out of 179 grasping actions, 40 were not classified), and to extend the grasp pos-
sibilities, including motion, force and stiffness were proposed. So, the features that
were highlighted in order to classify daily actions in this article were: hand shape,
force type, direction and flow, focusing on the task that is going to be done, so that
this classification is related not only to grasp taxonomies, but also to manipulation
taxonomies (See Figure 2.6). This classification goes deeper and in the end ev-
ery high-level and the tree is long-enough to define the daily activities that were
recorded. This approach is helpful for robots that have been built to help at home
with daily activities. In [19], five subjects were required to grasp objects that were
randomly situated in a tablet, being recorded by three cameras and doing 100 trials
per participant, grasping different objects from a tablet, simulating a table. This
study distinguished a total of six primitive grasps (reach, close, slide, edge-grasp,
flip and fail), that represent the main hand movement, where a grasp strategy con-
sists of many grasp primitives that ends with the object lifted up. These primitive
grasps have also modifiers, where each one can be done top/side, constrained/uncon-
strained and with rotation/no-rotation. In this article, the main primitive grasps are
considered as suitable to be transferred to a robot, as having being tested previously,
and an example is shown to grasp an object.

Back to [8], after the evaluation of these related-works and the combination of all
of them, excluding the ones that were not included in the definition of the problem
(“A grasp is every static hand posture with which an object can be held securely
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to avoid possible detections between objects. In this article, to present a good grasp
planning, stable plans and semantic knowledge are required. The stable plans of
the object to be grasped are obtained from the 3D models, and are thought as a
collision for the grasp plan. If a grasp is not good enough at a first sight, regrasp
operations could be done to find a new better grasp. Finally, semantic knowledge
for grasping is required. As this approach is mostly done for service robots, that
work in domestic and daily activities, the task to be done is crucial. For example, if
a glass is going to be grasped to put milk in, it has to be grasped from the side parts.
This information is proportioned by a human teacher, that will help by indicating
the places where an object can´t be grasped. This part of the grasp planning was
not in the scope of this paper, and was indicated as a further job to do.

One of the articles whose approach is more related to the manipulation tax-
onomies that are being studied at this point is [25]. In this article, the taxonomy
proposed is referred to what is the hand doing while doing a task (hand-centric),
instead of how an object is being contacted. Figure 2.10 shows the different con-
figurations for human manipulation. The features that define one configuration or
other are:

- Contact/No contact: there is contact between the hand and an object or not.
- Motion/No motion: the hand is moving with respect to a body coordinate

frame or not.
- Prehensile/ Non-prehensile: a prehensile task is considered when the contact

cannot be represented with a single contact point.
- Within hand/ Non-within hand: motion within the hand is considered if parts

from the hand (fingers) are moving with respect to a fixed frame from the base of
the hand.

- Motion at contact/ No motion at contact: there is motion at contact if there
is significant translation or rotation with respect to the contact point.

According to this classification, inserting a key, for example, would be classi-
fied as Contact/Prehensile/Motion/Within Hand/No Motion at Contact, as there
is contact between object and hand, the object has to be grasped with more than
a single contact, the hand is moving, there is rotation between hand and base and
there is no significant relative motion at the contact point

In this article, [25] also propose a taxonomy related to dexterous manipulation.
Dexterous manipulation is referred to prehensile manipulations within hand manipu-
lation. Figure 2.11(a) shows the taxonomy, where each movement is subcategorized
into three rotational and transational movement with respect to the fixed frame in
the back of the hand. Back to the example of inserting a key, it would be classified
as rotation among the y-axe.

I.M. Bullock made a more-detailed article in 2013 [26], where the same classifica-
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from images by acquiring, processing, analysing and understanding digital images,
giving important information from them. Computer vision is a rapidly grown area,
that has claimed the interest of important companies to solve problems related to
autonomous vehicles, face recognition, object detection and others. As explained in
[30], the first attempts to develop Computer Vision algorithms were done around
1966, when trying to improve digital image processing techniques to obtain useful
information by attaching a digital camera to a computer during a summer project
at Massachusetts Institute of Technology. It was supposed to be an easy task, but
obviously it was not. The first attempts to build a system that could obtain informa-
tion from a picture was to study the vision system from humans, and to try to apply
it to a computer. After noticing it was not possible to understand good enough the
vision system because of the lack of information and it was not an easy task to ap-
ply such a complex system to a computer neither, later approaches decided to look
for new solutions, developing mathematical techniques that could obtain enough
information to build the 3D model of an environment. From these mathematical
models, it has been possible to build models to remove the background, to track a
person or to recognize the number of the people that are in a picture,for example.
The problem of computer vision is that, even if many fields have been approached
and many solutions have been reached, most of the applications are specialized and
their use is restricted to narrow domains. Normally, computer vision problems need
many approaches to obtain an accurate solution: engineering approach (it is impor-
tant to know the problem definition and the main constraints and specifications),
scientific approach (more related to physics, where the scene is evaluated: lights,
sensors, noise and more) and statistical approach (this approach helps to reduce the
noise that an image could have and to choose the best solution and how accurate
the solution could be). All of these have to be implemented in algorithms that not
only work among ideal conditions, but also that are robust enough to admit some
noise (to achieve this, Bayesian techniques are used) and deviations and that are
efficient in terms of time and space (if possible, linear systems could be used to
ensure better efficiency). The first step of computer vision is to understand how
images are built. Once this has been achieved, image processing can be done and,
based on these techniques, many applications and algorithms can be build to obtain
feature detection, segmentation, motion estimation and other applications.

In this work, image formation will be exposed briefly, while image processing
will be presented deeper, to have a better knowledge on what kind of information
can be obtained from an image and how is this information obtained.
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mation can be complex if many are involved. To go from Cartesian coordinates to
homogeneous, a third coordinate for the 2D system and a fourth coordinate for the
3D system is added, 1, representing the same point proportional homogeneous coor-
dinates ([1; 2; 3] is the same as [3; 6; 9). When going from homogeneous to Cartesian
coordinates, the ”normal” coordinates (x,y,z) are divided by the ”extra” coordinate,
w.

(x; y) => [x y 1] ; (x; y; z) => [x y z 1] (2.1)

[x y w] => (x=w; y=w) ; [x y z w] => (x=w; y=w; z=w) (2.2)

Once the points (or pixels) are in homogeneous coordinates, some basic opera-
tions are presented: the line ax + by + z = 0 is expressed as linei = [aibici], and the
cross product of two points gives the homogeneous coordinates of a line. Indeed,
the cross product of two lines gives the coordinates of the intersection point. In 3D
coordinates, the transformations can be concatenated with matrix multiplications,
what makes easier to apply rotations and translations from the Euclidean trans-
forms. An example of a transformation that includes rotations and translations in
a 3D system is presented as follows (it is worth noting that in 2D occurs the same,
but being even more simple by dropping the z coordinate).

Rz =




cos(�) sin(�) 0

�sin(�) cos(�) 0
0 0 1



 t =




tx

ty

tz



 E =

[
R t

0T 1

]

(2.3)

[
X2

1

]

= E21E10

[
X0

1

]

(2.4)

This simple addition of the third coordinate in an image enables transformations
such as projective (gives a 3D impression from the image) or similarity (rotate,
translate and scale the image). Furthermore, if the 3D Cartesian coordinates of a
point from an image and the focal length of the camera are known, it is possible
to know the position of that point in the image (some additional information about
the camera position and it´s calibration could be required too if conditions are not
ideal). The following equation define the transformation from 3D coordinates (world
point) to 2D coordinates (image point).
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y
1


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[
I 0

] [
R t

] [
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1

]

where K =




f sf u0

0 
f v0

0 0 1



 (2.5)

K represents the camera´s intrinsic calibration (consider the hardware properties
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Point operators

Point operators are the simplest transforms that can be applied to an image to
process it. The main point operators are described as follow:

- Pixel transforms: simple operations are applied to the pixels of the image.
This could be used to modify the contrast (multiplying each pixel from the picture
or from a region of the pixel by a gain value) or the brightness (adding a bias value
to pixel´s values from the picture or from a region of the picture) of an image.

- Color transforms: to balance colors, each channel could be multiplied separately
or the whole image transformed to the XYZ color space could be processed by more
complex methods to obtain the desired visual effects

- Compositing and matting: matting is defined as the process to extract an
object from an image by cutting the background, while compositing is the process
of inserting it into another image. To make this possible, an intermediate stage
is needed to obtain good results. An alpha channel is added to the RGB image
describing the opacity (or fractional coverage) at each pixel, where pixels from the
object are opaque (� = 1), pixels from outside the object are transparent (� = 1)
and pixels that are around the boundary are between those values. With these
values, the composite image is built as follows: C = (1 � �)B + (�)F , where F is
the foreground with the background in black color and B is the new background.

- Histogram equalization: an histogram is the display that plots all three channels
and luminance values (form 0 to 255) in the x-axis and with the number of pixels
that have that value in the y-axis. This display could show relevant information
about the image and simple operations could be applied to the image depending on
the values obtained. One of these simple operations is histogram equalization, where
the final histogram should be flat. This is done by using the cumulative distribution
function, where y-axis from this distribution is re-scaled to [0,255] and where the
final value of each pixel will depend on the previous value of the same pixel and
the value that previous value has in the new y-axis. This operations could also be
applied partially, compensating only histogram unevenness.

Linear filtering

Linear filtering is the most commonly used neighborhood operator, where the output
value of a pixel is determined by a weighted sum of a collection of pixel values in
the vicinity. This is determined by the weight kernel or mask, that imposes how is
the input matrix weighted. Equation 2.6 represents this operator:

g(i; j) =
∑

k;l

f(i + k; j + l)h(k; l) (2.6)
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It is also known as convolutional filter, when expressed as defined in Equation 2.7.
This second definition adds commutative and associative properties to the equation.

g(i; j) =
∑

k;l

f(k; l)h(i � k; j � l) (2.7)

Some properties that are common to linear and convolutional filters are linear shift-
invariance and shift invariance. To obtain an output image with the shape unmod-
ified, there are many ways of considering the values that are out of borders. This is
called padding or extension modes, and the most used are: zero (values outside the
image are set to 0), constant (values outside the image are set to a specified value),
clamp (values outside the image are set to edge´s values), wrap (values outside the
image are set in a toroidal configuration) and mirror (values outside the image are
set as the reflected values from the edge).

To speed up the process of convolutional filtering or to improve this operator,
many operations can be applied to the image.

- Separable filtering: this speeds up the convolutional filter operation. Instead
of doing the required K2 operations for each pixel, 2K operations are done, by
separating the 2D kernel into one 1D horizontal convolution followed by one 1D
vertical convolution. Not all kernels can be separated like this, and the ones that
can are called separable. This procedure is very useful for computer vision, and, to
know if a kernel is separable or not, the Singular Value Decomposition of the matrix
is needed, where if the first value is non-zero, it is separable.

- Bartlett filter: the Kernel is built as a linear tent function([1,2,1];[2,4,2];[1,2,1],
for example). This is used to smooth the image. It is called the bilinear Kernel.

- Gaussian filter: it is the result of convolving the linear tent with itself (cubic
approximating spline).

- Sobel operator: it is used to obtain horizontal edges from pictures. The Kernel
in this case is built by a horizontal central difference and a vertical tent filter.

- Simple corner detector: a simple Kernel to detect corners is done by using
second derivatives horizontally and vertically.

Figure 2.15 shows those operations that can be applied to convolutional filtering.
It is worth mentioning that Kernel convolutions can be also understood as a

filter that modifies the values and the phases in the frequencies that an image has
(being frequency understood as the change of pixel values in the image), and the Fast
Fourier Transforms can be applied, obtaining faster results and where frequencies
of images and filters can be studied to understand better the process. This Fourier
transforms are used, for example, to resize or sample an image.
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tation algorithm) and to decide the best-grasping option, by using a depth camera
to obtain RGBD images (Kinect V2). This approach has many advantages, one
of which is that large amount of data is not required, neither training and testing
a model (as is required for deep learning models). The steps taken are: 1) Image
processing with graph segmentation and morphological image processing, 2) Data
is processed and a random forest classifier is trained and 3) Robot control using the
robot inverse kinematics.

To process the image, firstly, image segmentation is applied. The background
is removed by evaluating the intensity if the pixels and the depth information and
comparing the differences between intensities with a threshold. To reduce the noise,
convolution filters (this will smooth the image) and area opening are used (that will
reduce delete small amount of pixels that are isolated). With this information and
by doing blob detection (connected pixels that share common features), the number
of objects is identified. After that, morphological image processing is applied.

2.3.3 Applications of Deep Learning

Deep learning is a subset of machine learning, that is at the same time a subset
of artificial intelligence, as shown in Figure 2.17. With the arrival of computers,
artificial intelligence was intended to solve problems that were difficult for human
beings but that were easily described by mathematical rules. After a while, the
point of view changed, and the aim of artificial intelligence is now to solve problems
that are easy and intuitive for human beings, but that are not followed by easy
mathematical rules such as recognizing objects or faces, understanding a speech or
reading words. These problems are not easy to solve, as computers have to acquire
a lot of knowledge about the world that is subjective and intuitive. Some early
projects have tried to apply this knowledge to computers by hard-coding in formal
languages with formal rules, what did not succeed at all, as it is too complex to
describe the world in an accurate way with formal rules.

As hard-coding was not an option to make computers understand the world,
in the 1990s, machine learning techniques were proposed to let computers acquire
their own knowledge from raw data, developing patterns that could describe that
data meaning. As explained in [32], to solve this problems it is important to have
a good representation of the data, that is composed by features of the problem to
solve. For example, while trying to detect if a tumor is bad or not, the size of the
tumor is crucial, and would be a feature to include. So, for every machine learning
problem, the key is to set the right features that represent accurately and properly
the problem. But, what if these features are not easy to find? Representation
learning is the approach that not only solve the problem, but also discover the
representation of the problem to be solved. With this approach, it is easier to make
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In addition, in Section 2.1 the features that make Cobots an interesting advance
in robotics are presented:

- Affordability: Cobots are a cheap solution to incorporate to manufacturing
processes.

- Flexibility: Cobots are able to work in versatile tasks, being an adequate
solution for dexterous tasks that require precision.

- Simplicity to use: in many cases Cobots can be programmed even by operators
without programming experience, and also by teaching them manually manipulating
their arms with our hands.

- Safety: the main advance that Cobots incorporate, making possible the in-
teraction between humans and robots in the same workspace, developing together
tasks and ensuring employee´s safety.

In Section 2.2 different categorizations of grasp and manipulation taxonomies
are presented. The grasp taxonomies that are more accepted and complete are
the exposed in [7] and [8], where different grasps done by humans are evaluated
depending on different variables that are considered by the authors essential to
describe the grasp (Figure 2.5 and Figure 2.9 show the different grasps that humans
use to grasp different objects). Manipulation taxonomies are more concerned on how
humans develop tasks that require the manipulation of objects, considering the entire
process and not only the grasp. The most complete article that reviews this topic
is the one presented by [26], where not only the different possibilities for human
manipulation task are presented (Figure 2.10), but also a comparison to a three-
fingers gripper is done, indicating the ones that couldn´t proceed for that gripper
(Figure 2.11).

Finally, in Section 2.3 different approaches that have been done to study visual
perception and apply it into computers are presented, and in Table 2.3 a summary
of the advantages and disadvantages is presented.
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- Pick and place: this task would require 9 cubes to pick with a drawing and
a box with nine spots where the same drawing is drawn. The objects would be
positioned randomly in a table, and the robot would first detect the position and
the drawing of the cubes and then detect the drawings from the box where the cubes
should be placed. In this task, the user could modify the drawings to be detected,
but the same drawings should be in the box.

- Assemble a connection panel: this task is similar to the task that was required
around the 1920s, when phone companies needed personal to connect cables depend-
ing on the phone call that was received. In this case, cables would be positioned
randomly in a table and a panel would be situated in front of the robot. The user
would decide the number of cables needed, the color and the places to connect the
cables in the panel. Once the cables would be connected, a circuit built besides the
panel would be closed and some output would be set (for example, a led would be
switched on). This kind of tasks that involve the manipulation of cables are nor-
mally developed by humans because of the complexity that shapes of cables have,
but the possibility of using robots to do such tasks would improve many manufac-
turing processes, as could be the process that involves manufacturing a car, where
a big amount of cables are manipulated by humans.

-Separate two types of objects in a conveyor belt: in this task, two different
types of objects would be needed. Objects would approach the robot in randomly
positions and the robot would detect what type of object is, separating the objects
in two different boxes. The objects could be, for example, cubes and cylinders. This
is a task that is being used in industries such as recycling, manufacturing,... where
different products are separated by using visual perception in robots.

The task selected for this project is the assembly of a connection panel, where
cables will be manipulated by a robot by using visual perception technologies. This
task has been chosen as is a research topic that is being studied nowadays to satisfy
the new requirements that the automotive industry is having to keep automating
its processes. In this project, the task that involves the manipulation of cables is
simpler than the one automotive industry is facing, but is a simulation of how this
could be achieved by using perception technologies.

The workplace is shown in Figure 3.1, where the components used are:
- Banana cables: red and black 2mm banana cables 500mm length will be used.
- Board with a circuit: a board with a circuit built backwards is required. 20 pins

have been situated in the board with a circuit composed by two leds (one red and
one green), a switch and a battery. The user specify which pins should be connected
to close the circuit.

As it is a researching field, there are a few works where robots have been used to
detect and manipulate cables. One of these works is the one presented by J.Zhu et
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As explained in Section 3.1, the flask framework is used to built this web appli-
cation, and the HTTP method is used to GET or POST the parameters to build
the circuit, being this information saved in a JSON document.
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5 Conclusions
Robots are already a big asset for manufacturing companies from different sizes.
We can find robots welding, picking and placing objects, painting, etc. making
processes more efficient and profitable for companies. Nowadays, new technologies
are being developed and used to improve the dexterity and performance of robots.
As explained in Chapter 1, perception technologies are being introduced to robots to
have a better understanding of the environment and make the robot self-supported
to detect variations in the environment and act depending on it.

In this project, it has been proved that the use of perception technologies by
simply processing images can achieve proper results, reducing the time consumed to
deploy the model if it is compared to the use of Deep Learning models and obtaining
high accuracy in the detection (97,14% of accuracy). During the evaluation of the
project, it has been proved that by using robots the time consumed to identify the
endpoints of the connections has been reduced, as robots do not need any time to
detect them. It has been also noticed the importance of the resolution of the image
to obtain proper results and its relation with the time consumed to detect the cables.

In addition, it has been also proved that robots can handle deformable linear
objects in simple tasks, evaluating which are the most adequate parts of the cable
for the manipulation.

Due to the COVID-19, it was not possible to do some tests to the model, what
could be included as future works to do. Indeed, there are also some other works
that could be done to improve the algorithm and compare different approaches to
the same problem. Those future works that the author considers would complement
this work are the following ones:

- Test the project with the real robot in the real environment. Make adjustments
to the relation between the coordinates from the table and pixels from the image if
needed.

- Compare time consumed developing the task a human and the robot.
- Improve the script to detect which cable is above if there are cables with the

same color. The camera that the robot has in the right hand could be used to obtain
images from different sides.

- Extend the capabilities of the detection by using different types of cables with
different dimensions.

- Develop a Deep Learning model to detect the grasps and orientations and
compare both models.

- Evaluate different grippers that could assemble the connection panel to deter-
mine the best solution for the real environment.
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