(]
i
(=}
£
(=)
o
1S
(=)
[
(7]
c
K
=]
=
O
(2]
| =
2
2
>
E
Q
e
-
Qo
£
=]
(&)

-
<
>
S
=]
(]
-
-
=
[T
(=]
%
Q
=]
c
=]
(&)
%)
=
=]
=

Luis Henrique Veloso Mesquita

UMinho | 2021

Universidade do Minho
Escola de Engenharia

Luis Henrique Veloso Mesquita

Computer Vision Solutions for Robots
in the Context of Industry 4.0

Outubro de 2021






7N\
\_/

l'\

Universidade do Minho
Escola de Engenharia

Luis Henrique Veloso Mesquita

Computer Vision Solutions for Robots
in the Context of Industry 4.0

Dissertacao de Mestrado
Mestrado Integrado em Engenharia Eletronica Industrial e
Computadores - Controlo, Automacao e Robotica

Trabalho efetuado sob a orientacao do
Doutor Luis Filipe Castro Freitas Louro

Outubro de 2021



DIREITOS DE AUTOR E CONDIGOES DE UTILIZAGAO DO TRABALHO POR TERCEIROS

Este € um trabalho académico que pode ser utilizado por terceiros desde que respeitadas as regras e

boas praticas internacionalmente aceites, no que concerne aos direitos de autor e direitos conexos.
Assim, o presente trabalho pode ser utilizado nos termos previstos na licenca abaixo indicada.
Caso o utilizador necessite de permissao para poder fazer um uso do trabalho em condicdes ndo previstas

no licenciamento indicado, devera contactar o autor, através do RepositoriUM da Universidade do Minho.

Licenca concedida aos utilizadores deste trabalho

Atribuicao
CC BY

https://creativecommons.org/licenses/by/4.0




Acknowledgements

| would like to use this opportunity to thank and show my appreciation for everyone that influenced
this dissertation and added their contribute to it.

To my advisor, Doctor Luis Louro, for the guidance, advices and support provided, especially during
the setbacks and tougher times.

To professors Doctor Estela Bicho and Doctor Sérgio Monteiro for the interest shown in my academic
journey, bringing me to the MARLab and providing me with the opportunity to be a better professional.

To Paulo Vicente for the support given with everything required in the MARLab.

To Duarte Teixeira, Toni Machado, Tiago Malheiro and Margarida Trigo for being valuable members of
the team and guiding me in the autonomous stacker project.

To my parents and siblings for the support shown throughout this dissertation and my entire academic
journey. Much of what | am today is direct result of their work and influence.

To Joao and Andreia for the experience, help and guidance during my time in this University.

To the friends with whom | was fortunate to share this journey with, during the best and worst times.



STATEMENT OF INTEGRITY

| hereby declare having conducted this academic work with integrity. | confirm that | have not used
plagiarism or any form of undue use of information or falsification of results along the process leading to
its elaboration.

| further declare that | have fully acknowledged the Code of Ethical Conduct of the University of Minho.



Resumo

Solucées deVisao por Computador para Robds no contexto da Industria 4.0

Esta dissertacao teve como objetivo o desenvolvimento de solucdes recorrendo a tecnologia e con-
ceitos de visao por computador, com o proposito de serem aplicados tanto em processos de robdtica
movel como de manipuladores roboticos.

E apresentado, num primeiro caso, o software de detecao e identificacao de caracteristicas de paletes
para um veiculo empilhador autonomo com uma camara Astra da Orbbec a bordo, como parte de um
projeto em parceria com uma empresa. Esta funcionalidade permite assistir o sistema de navegacéo do
veiculo no processo de recolha de uma palete, onde o seu sistema de posicionamento geral ndo possui
resolucdo suficiente para os ajustes finos requeridos ao inserir os garfos na palete. O veiculo foi testado
em chao de fabrica e passou com sucesso os testes de seguranca requeridos para poder operar em
ambiente partilhado com operadores.

No segundo caso, o reconhecimento de objetos tem como objetivo que robds colaborativos consigam
realizar tarefas em parceria com humanos. Os robbs necessitam de ser capazes de obter nao sé a iden-
tificacdo dos objetos como também a sua postura (posicao e orientacéo). Foi utilizada uma framework
denominada Object Recognition Kitchen, da Williow Garage, como base para o processo de detecdo. O

cenario empregue utiliza o robd Sawyer da Rethink Robotics e uma cdmara Microsoft Kinect.

Palavras-chave: reconhecimento de objetos, reconhecimento de paletes, robotica auténoma, robética

colaborativa, Sawyer Robot



Abstract

ComputerVision Solutions for Robots inthe Context of Industry 4.0

The goal of this dissertation was to develop solutions using technology and concepts of Computer
Vision, with the purpose of being applied in processes of both mobile and manipulation robotics.

It is presented software for the detection and identification of pallet features for an autonomous stacker
with an on-board Orbbec Astra camera, as part of a project in association with an industrial company. This
functionality is used for the steering of the vehicle during the process of picking a pallet, when the general
positioning system does not have enough resolution for the fine tuning required to the insertion of the forks
in the pallet. The vehicle was tested on the factory floor and successfully passed the safety tests required
in order to be allowed to operate in a worker shared environment.

The object recognition has the main goal of endowing collaborative robots with the ability to perform
tasks in cooperation with humans. The robots needs to be capable of obtaining not only the identification
of the objects but also their posture (positions and orientation). The Object Recognition Kitchen framework,
from Willow Garage, was used as basis for the detection process. The adopted scenario uses the Sawyer

Robot from Rethink Robotics and a Microsoft Kinect camera.

Key Words: autonomous robotics, collaborative robotics, object detection, pallet recognition, Sawyer

Robot

Vi
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Chapter 1

Introduction

Industry 4.0, also known as the forth industrial revolution, is the name given to an increased investment
on digitalization and connectivity of traditional industrial production processes. Several fields of technology
contribute to this revolution, the majority being heavy related to information handling and networking.

The main areas of expertise that can characterize and shape Industry 4.0 include the designated "big
data”, Internet of things, cloud computing and autonomous robotics. When applied together in an industrial
environment where the means of manufacturing are provided with mechanisms capable of making them
intelligent (or "smart”), it unfolds an array of new possibilities for the optimization and personalisation of
production. (I-SCOOP, 2021)

Most contributors and supporters of the production process can be integrated on an Industry 4.0
setting and the sharing of information between them allows for automatic adaptation to new conditions and
requirements. Collecting and analysing big volumes of data obtained from the producers themselves allows
for the identification and correction of anomalies that otherwise would go undetected. Machine learning
methods can be deployed on individual machines or on the cloud for broader utilization. Autonomous
robots can learn to operate on human-shared environments and even adapt their behaviours in function
of the individuals that surround them.

Taking into account the growing implementation of Industry 4.0 to real industrial concepts, new solu-
tions are required in order to adapt existent technologies or create new ones for this paradigm. With that
in mind, the field of Computer Vision is one that attracts great interest.

When taking into consideration key robotic components of this new industry, more particularly collab-
orative robots and autonomous vehicles, Computer Vision is one of the areas of development that can
be exploited for the acquisition of information regarding surrounding dynamic environments. Robots are

expected to have adaptive capacities, learning new procedures and scenarios by themselves. Object de-



tection and identification is an important feature in order to endow robots with the capability of operating in
joint tasks with human workers. The same can be said for vehicles, where the growing number of shared
work spaces increases the need for adaptive solutions.

Computer Vision is widely adaptable and, when taking into consideration the processing speeds cur-
rently available, capable of responding in real time. This attributes make the technology attractive, as it

can be used on its own or in association with other methods for greater robustness and redundancy.

1.1 Motivation and Goals

Robotics technology is already widely present both in the industry as in day-to-day situations, but the
most advanced solutions, the ones that bring big enhancements to Industry 4.0, are still being developed
and matured. With that in mind, this dissertation focuses on the acquisition of external information by
robots using cameras and Computer Vision software. Specific circumstances that require tailored solutions
are addressed (as is the case of the pallet detection for an autonomous stacker) but not only. Generic
methods for object detection and pose acquisition, that can be more easily adapted from case to case,

are also explored.

Figure 1: A stacker getting ready to pick a pallet

The first topic of the dissertation, referring to pallet detection, is the result of work developed in an aca-
demic project for a prominent international company. In this project, autonomous stackers were required
to load and transport raw materials and finished goods between the production and storage areas. The
management and monitoring of the stackers in the company was based on a global positioning system,
using triangulation methods between anchors and tags, allowing for the vehicles to know their localization
in the world. The orientation was obtained by information provided by an IMU. Nevertheless, certain tasks,

such as the picking of pallets, require a greater precision than what the positioning system is capable of



providing. One of the main goals of this dissertation was the development of a Computer Vision system,
with which it is possible to obtain the positioning of a pallet relative to the vehicle, adding a local positioning
system that ensures the good execution of the task.

The second topic derives from work done in a simulated work scenario in the University. Parts of a
structure are on a table and it is expected that a human worker and a robotic manipulator work together to
assemble it. A Computer Vision system was developed to provide information regarding the objects in the
workspace so that the robot can act accordingly. This includes identification and pose calculation (position

and orientation) of the structure parts in relation to a world frame.

1.2 Dissertation Organization

Two different topics involving Computer Vision applications are part of the core of this dissertation:
detection and position identification of pallets for an autonomous stacker vehicle (referred to as Pallet
Detection) and object detection and pose extraction for collaborative robots (referred to as Object Detection
and Pose Calculation). Throughout Chapter 2, Part lll and Part IV, both cases will be presented in parallel,
with Pallet Detection appearing first.

Chapter 2 presents the current technologies and possibilities for the solution of the problems at hand,
with examples from other works.

In Part Il are explained key concepts of Computer Vision and robotics.

In Chapter 4 are described the different resources (hardware and software) used in the projects that
are part of this dissertation.

Part Il focuses on the steps taken in the development of the solutions presented. Divided into two
Chapters, the first concerns the Pallet Detection and the second Object Detection and Pose Calculation.

Part IV documents the tests made throughout the development and the obtained results. Similar to
Part Ill, this is also divided in two Chapters.

Part V is the last and has an overview of the work and the obtained results. It also explores possibilities

for future improvement.



Chapter 2

State of The Art

In this Chapter, modern day technologies and methods are explored. The goal is to analyse which
approaches are most suited and offer the best chance at solving the problems at hand. Relevant work
done by others in the scientific community on similar topics is also used as example and taken into
consideration.

Similarly to the rest of this dissertation, the Chapter is divided in two different areas of interest.

2.1 Pallet Approach Maneuvers

With regards to hardware, there are two different approaches to address pallet recognition that present
good results when using a camera and Computer Vision. Cameras can either be RGB (this is the most
usual type of camera seen in everyday life, producing three channel images) (Byun and Kim, 2008) (Chen
et al., 2012) or can be depth cameras (producing single channel images) (Haanpaa et al., 2017). Some
models have both options incorporated, generating the two types of images at the same time. This cameras

are called RGB-D. This choice of hardware has direct influence over the procedures later employed.

2.1.1 Pallet Detection

For autonomous vehicles in an industrial context, in particular stackers, it is fundamental that they
possess the ability to detect pallets and their characteristics with precision. Computer Vision can be the
technology chosen to perform such task.

The RGB camera operates on a colour basis. Each channel is a matrix of the same size as the captured
image and corresponds to one of the three primary colours of light (Red, Green and Blue). Any pixel of

the image can then be represented by three bytes, one for each channel. With a camera of this type, the



detection of the pallet can be done by either colour or edges search. With colour it is required that the
pallet is of a predetermined colour and for the luminosity conditions to be constant, as the image captured
by the camera is strictly dependant on the light exposure present on the work environment.

The depth camera (or 3D camera) has a single channel, in which the value of each pixel is the distance
to the nearest obstruction located in a straight line from the position of said pixel in the image. Whereas
in a colour image a pixel has the colour of the area it represents, in a depth image a pixel has the distance
to the area it represents. Two distinct technologies dominate the current landscape: time of flight and
structured light. Time of flight consists on emitting IR radiation and measuring the time elapsed in order
to assess distance. On the other hand, structured light produces an IR radiation field and calculates the
distance by examining the displacement created by the surroundings in said field (Kadambi et al., 2014).

The first step requires the identification, in the image, of areas of pixels that may correspond to a
pallet, also know as extracting the pallet features. With a RGB camera this process can be done using
colour search, as mentioned earlier, or by placing fiducial markers on the pallet like the ones used in (Chen
et al., 2012). When using a depth camera, this procedure is done by searching for spatial characteristics
(Haanpaa et al., 2017).

Once the existence of the pallet has been acknowledged, it is required to acquire its position and
orientation. This can be done effectively with two different methods: identification of the two openings
and the respective central points, such as shown in (Byun and Kim, 2008) or identification of the three
columns that make the base of the pallet, such as presented by (Chen et al., 2012). With those points in

hand, the position and alignment of the pallet relative to the stacker can be calculated.

2.1.2 Discussion

Taking into account the possibilities above, it was decided that finding and identifying each column
individually was the best procedure. Colour search was rapidly dismissed given that this type of solution
was not general enough. As mentioned above, luminosity conditions have a high risk of influencing the
detection and it would require always using the same type of pallet. For similar reasons, the use of fiducial
markers (Chen et al., 2012) was also rejected, as it would be limiting the solution to pallets with said
markers. Using depth data as shown by (Haanpaa et al., 2017) produces more reliable results that are
only affected by possible obstructions.

As for the choice between identifying the columns or the two openings, both options are capable of
providing good results, as demonstrated in (Byun and Kim, 2008) and (Chen et al., 2012). The decision

ultimately ended up being in favour of finding the columns since knowing their position was always going



to be a necessity.

2.2 Object Detection

The detection of objects on images is one of the most significant activities in Computer Vision. Com-
monly, the term Object Detection stands for the identification and classification of predetermined objects
on stand alone images or video frames (Kanimozhi et al., 2019).

Most of the techniques used today for object detection are based on machine learning types, such
as Convolutional Neural Networks (see Subsection 2.2.1.2) (Kanimozhi et al., 2019) (Mane and Mangale,

2019) (Kim et al., 2018).

2.2.1 Methods

2.2.1.1 Template Matching

One popular technique for object detection is template matching. There are different methods in which
template matching can be applied, but they all revolve around the same principle: previously defined
images of objects are taken as templates and passed through the images captured by the camera by
resorting to a sliding window (Xiao et al., 2010). The aim is to find "matches”, areas in the captured
images that present a close similarity to one or more templates.

The same principle used for RGB images can also be applied to point clouds using the structure of an
object as template (Hinterstoisser et al., 2010). Using the 3D model of an object, it is possible to generate
templates from a rich variety of angles and points of view that are then compared with the data present in
the point cloud. When a match is found, the original angle of the template in question is used to produce
an estimation of the orientation of the object.

Template matching is a good option for object detection when dealing with objects that have uncom-
mon textures and/or patterns, such as Shogi pieces with Japanese characters (Yata et al., 2015), full
body images in surveillance footage or human faces (Chantara and Ho, 2015). Unlike machine learning
methods, it does not need long and computational demanding training procedures, allowing for a more

agile and practical implementation (Hinterstoisser et al., 2010).

2.2.1.2 Convolutional Neural Networks

A Convolutional Neural Network (CNN) is the name given to a neural network that has at least one

convolutional layer (Skansi, 2018). In a convolutional layer, a logistic regression is passed throughout the



pixels of an image using a kernel, from left to right and top to bottom. In Figure 2 is shown the example

of a 3 x 3 pixels kernel being passed through a 7 x 7 pixels image.

Figure 2: 3 x 3 kernel going through an image

Each new position of the kernel generates the value of one pixel in the output image, making it smaller
than the original one in function of the size of the kernel used (see Figure 3). That output image is then

passed on to the next layer on the network (Zhang et al., 2015).
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Figure 3: Resulting image being produced from the successive convolutions

Typically, CNNs have multiple convolutional layers and a fully-connected layer at the end making the
connection to the output layer (Skansi, 2018). CNNs take an image as input and produce a probability
based output in which each neuron from the output layer gets assigned to one object from the list of objects
that that specific CNN is capable to predict. The neuron with the highest activation value signalizes the
CNN prediction.

Given the limiting nature of the single outputs of CNNs, a more complete method was developed,



the Region-based Convolutional Neural Network (R-CNN). When using R-CNNs, the image is divided in
approximately two thousand different regions, with each of those regions being treated as an image and
fed to a CNN (Girshick et al., 2014). This procedure allows the identification of various objects from an

image as opposed to using only one CNN.

2.2.1.3 YOLOv3

The YOLO (abbreviation for "You Only Look Once’) is a fast and accurate object detection algorithm for
RGB images. Contrasting with R-CNNSs, that use a network for each region of an image, YOLO employs one
network for the entire image, being the network itself responsible for the division into regions and making
the process significantly faster (Redmon and Farhadi, 2018). As is also the case with R-CNNs and the
TensorFlow Object Detection API (see Subsection 2.2.2.4), YOLO predicts the objects, creating bounding
boxes around them and generating confidence probabilities.

Furthermore, a modified version of the YOLOv3 called Expandable YOLO has also been documented.
It uses RGB-D images that have a fourth channel with depth information (Takahashi et al., 2020). The

depth image is used as extra data that helps the detecting process but does not provide pose.

2.2.1.4 SSD

The Single Shot MultiBox Detector (SSD) is a method for object detection in images. It is very fast and
returns viable results.

SSD works by running a convolutional neural network a single time over the image and generating
a feature map. For each position in the feature map, standard bounding boxes are tested with different
scales and aspect ratios and a score is produced for each pair of hypothetical bounding box/type of object

(Liu et al., 2016).

2.2.2 Tools

The above mentioned methods, and others, require in most cases the use of complementary tools that
expedite and simplify the procedures, making them easier to implement and adjust to concrete situations.
2.2.2.1 Object Recognition Kitchen

The Object Recognition Kitchen (ORK) is a framework created by Willow Garage to provide support for

object recognition operations using template matching. It takes care of database management, handles



inputs and outputs and offers ROS integration (ORK, 2020). This framework was ultimately chosen for the

work in hand (see Subsection 4.2.2.1).

2.2.2.2 TensorFlow

Tensorflow is a framework developed by Google for creation and training of machine learning models.
Tensorflow combines algorithms of machine learning with deep learning neural networks. Itis open source,
versatile and can be used for a great variety of purposes, from industrial production environments to mobile
applications for smartphones and Internet of things (loT) (TensorFlow, 2019).

Training can be long and require high computational power. For that reason, Google offers the possi-

bility of carrying out the training process on their servers for a fee.

2.2.2.3 Keras

Keras is a high level interface compatible with the TensorFlow and Microsoft Cognitive Toolkit machine
learning frameworks. It simplifies user understanding and utilization of said frameworks. Furthermore, it
allows a high level of modularity. The created models can be easily edited or combined in order to generate

new models (Keras, 2019).

2.2.2.4 Object Detection API

To facilitate the use of machine learning in Computer Vision object detection applications, TensorFlow
has an interface called TensorFlow Object Detection API. An object detection model is capable of iden-
tifying an object, its position in the image and the percentage of certainty (confidence) that the detection

is correct (TensorFlowObjectDetection, 2019), creating a bounding box around the object.

Training a model

In order to train a model, the first step is to collect a high number of images of each one of the objects
to identify. 100 images is the minimum recommended (Python Programming, 2019). Each individual
image is labelled. The labelling process consists on the creation of a XML file which describes what is the
object present on the image and in what coordinates that object is (Phadnis et al., 2018). After labelling,
the dataset is divided in two sets: the training set and the test set. It is recommended that 90% of the
dataset is placed on the training set, while the remaining 10% are placed on the test set. This relation can

be altered if the user deems so. Finally, the images and the respective XML files are all converted into a
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single TFRecord file (a TensorFlow specific format). This file serves as the input for the machine learning

training algorithm provided by TensorFlow (Python Programming, 2019).

2.2.3 Discussion

Taking into account the different methods mentioned above, a template matching based solution was
chosen using the Object Recognition Kitchen framework (see Subsubsection 4.2.2.1). The high adaptability
and portability of this method, in comparison to others, was the main incentive behind the choice. As one
of the goals of this dissertation was to have general and adjustable solutions, the costly training required

by the other options was a clear disadvantage. Table 1 offers a small comparison between methods.

Method Advantages Disadvantages

- Fast quality degradation with
Template Matching | - Fast adaptability and training | increased distance

(ORK) - Returns objects pose - Some inconsistency calculating
objects’ orientation

- Long and computational expensive
training process

R-CNNs - Accurate - Slower performance than other
neural networks
-~ Accurate - Long and computational expensive
YOLOv3 - Faster performance compared

1o other methods training process, hindering adaptability

- Long and computational expensive
- Accurate when detecting large | training process

objects - Not very accurate when detecting
small objects

SSD

Table 1: Table summary of the indicated methods
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Chapter 3

Theoretical Foundations

In this Chapter are explained some important concepts of Computer Vision that were used or investi-

gated for the purpose of this dissertation, such as basic notions and specific techniques.

3.1 Colour spaces

For the purposes of Computer Vision, images are interpreted as matrices, with each pixel being an
element of the matrix.

In the case of greyscale images, one variable is enough to characterise each pixel, O being black and
the maximum value of the data type of said variable being white. This type of image is also called single
channel.

As for coloured images, multiple variables are required for each pixel, each one representing a different
feature of the colour. This type of images are known as multichannel images. Each channel is, in fact, a
matrix and the combination of all the matrices forms the image. There are numerous systems in place,

with RGB being the most commonly used (Burger and Burge, 2016).

3.1.1 RGB

RGB stands for Red Green Blue and aims to emulate the three primary additive colours, where colours
are created by the addition of these three primaries. RGB images are comprised of three channels, one for
each primary colour, meaning that each pixel is characterised by three variables, each being the intensity

of the respective primary colour for that pixel.
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3.1.2 Cmy

CMY stands for Cyan Magenta Yellow and is based on the subtractive primary colours. It works similarly
to RGB, where each channel portrays one of the three primaries.
For printing purposes, the derived model CMYK was created, where K stands for Key. Key is the black

coloured ink.

3.1.3 HSV

HSV stands for Hue Saturation Value. Also a three channel colour space, HSV can be more practical
when manipulating images, as each channel represents a different trait of colour, unlike RGB where all
channels are colour intensity.

Hue is the tone of the colour. It can be represented by a circular geometry where 0°, 120° and 240°
are the three primary additive colours, respectively (see Figure 4). It is common for the angles of the Hue
scale to be divided by two, making the maximum possible value 180°, so that the Hue can be specified
by a 8-bit variable.

Saturation is the presence of colour in the pixel. The lower the Saturation, the less the colour defined
by Hue is represented. When Saturation is O, the pixel can be regarded as a greyscale one.

Value is the feature of the colour space that characterises the intensity of light. When Value is 0, the

pixel is completely black, the equivalent to (0,0,0) in RGB.

0° 120° 240° 360°
Red Green Blue Red

Figure 4: Hue scale

3.1.4 HSL

HSL stands for Hue Saturation Lightness and can be seen as a variation of the HSV colour space.
Unlike HSV, where maximum Value indicates maximum light intensity, in HSL maximum Lightness denotes

white. The maximum colour intensity in HSL is placed on the middle of the Lightness scale.
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3.2 Histogram

A histogram is an alternative system to represent the pixels of an image. It is a two dimensional
frequency chart of all the possible pixel values for one channel. Mathematically, a histogram is a graphical
representation of a set of data divided into classes. When applied to image processing, to a greyscale
image for example, it depicts the distribution of grey values by the number of pixels of that level. Figure 6

shows the histogram of the grey channel of Figure 5.

Figure 5: Greyscale Image Figure 6: Grey channel histogram

Histogram analyses is a powerful tool to evaluate colour prevalence and contrast in images. For
coloured images the histogram is dependent on the colour space used. Figure 8 shows the histogram of

the Hue channel of Figure 7.

Figure 7: Original Image Figure 8: Hue channel histogram
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3.3 Dilation and Erosion

Dilation and erosion are two complementary operations used to process images, in which a kernel
scans through an image. In the case of the dilation, for each step of the kernel the center pixel is replaced
by the maximum value of all pixels in the kernel. This operation increases the brighter areas of an image.
The erosion works in the opposite way, the center pixel is replaced by the minimum value of all pixels in

the kernel, originating a reduction of the brighter areas of an image (Bradski and Kaehler, 2008).

White

Figure 9: Original Image Figure 10: Dilation Figure 11: Erosion

When used together, these two operations can be valuable. A dilation followed by an erosion is also
known as a "closing” and it is particularly good at eliminating (closing) dark noise on bright areas (see
Figure 12). On the other hand, an erosion followed by a dilation is known as an "opening” and offers good

results at eliminating bright noise on dark areas (see Figure 13).

White

Figure 12: Closing Figure 13: Opening
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3.4 Edge Detection

Edge detection is a technique used frequently in Computer Vision applications. Its main purpose is
to obtain the contours of the objects present in an image, simplifying the overall information present but
maintaining the forms and contours (Muthukrishnan and Radha, 2011).

Numerous edge detection methods have been developed throughout the years, of which the Canny

Edge Detector is, to this day, still very popular.

3.4.1 Canny Edge Detector

The Canny Edge Detector is an operator for edge detection in greyscale images. On a first step,
the image is passed through a Gaussian filter in order to smooth it and reduce noise. The local gradient
magnitude and direction are calculated. After that, the algorithm selects the pixels which are local maxima
in the direction of the gradient. These are known as edge points. Lastly, edge points near to each other

are connected, forming edge lines (Burger and Burge, 2016).

Figure 14: Original Image Figure 15: Canny Edge Detector results

3.5 Hough Line Transform

The goal of the Hough Line Transform is to identify points that belong to a line on an image. For the

purpose of this transform, lines are defined by Equation 3.1 instead of the traditional yy = a.x + b.

x.co80 + y.sinf = r (3.1)

In which r is the length of a second line that starts in the origin, ends in the intersection with the
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original line and is perpendicular to it (see Figure 16) and 8 is the angle that perpendicular makes with

the x-axis.

Figure 16: Graphical representation of » and 6

The algorithm goes through the image searching for edge points. When an edge point is found, it
simulates all the possible values of the pair (6,r) for the point in question. For each possible pair, the
correspondent position on a @ X r matrix is incremented. When the algorithm reaches the end of the
image, the points on the matrix with a value above a certain threshold denote lines present in the image

(Burger and Burge, 2016).

Figure 17: Original Image Figure 18: Hough Line Transform results

3.6 Image Equalization

Image equalization is a procedure used in Computer Vision to balance the histogram of an image.
When an image has low contrast, that means its histogram is concentrated around a small range of
values. The goal of image equalization is to take advantage of the entire channel range in order to spread

the histogram and enhance contrast as a result.
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3.6.1 CLAHE

CLAHE (Contrast Limited Adaptive Histogram Equalization) is an image equalization method used to
improve contrast in images. Unlike the regular histogram equalization, CLAHE equalizes different areas
of the image independently and interpolates the boundaries between each area in order to connect them
smoothly. Each pixel is transformed in function of the pixels’ values in a neighbourhood region. CLAHE

also has a gain-limiting quality, preventing the over amplification of noise (Szeliski, 2010).

Figure 19: Original Image Figure 20: After CLAHE
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Chapter 4

Robotic System

In this Chapter are presented the robotic systems used for the Pallet Detection and the Object Detection

tasks, with a description of the architecture, hardware and software used in both cases.

4.1 Stacker Vehicle

The Computer Vision system developed for the stacker vehicle follows the architecture of Figure 21.
The information flows linearly on ROS (see Subsubsection 4.1.2.2). The positioning systems of the stacker

are also used by the program when defining a dynamic Region of Interest (see Section 5.3).

’ ] Depth Frames J Image analysis using ] Angle Values J 8~
OpenCV
Stacker Vehicle

Astra Camera J

Positioning Data

Positioning System

Figure 21: Simplified architecture of the vision system of the stacker vehicle

The vehicle used is a Toyota BT Staxio SPE200DN. It has front wheel drive with a single rotatable front
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wheel and two passive back wheels, and is capable of carrying loads up to a maximum weight of 2 t. The
stacker measures 2.2 X 0.748 m and has a maximum elevation reach of 2.1 m. The maximum speed
varies between 9 km/h and 10 km/h depending on the load being carried (Toyoya Technical, 2021).
With the aim of endowing the vehicle with autonomous capabilities, extra instrumentation was added
such as 2D laser range finders, sensors and encoders. A camera (as referenced in Subsection 4.1.1.1)

was also included for the purpose of the work described on this dissertation.

Figure 22: Toyota BT Staxio SPE200DN (adapted from https://www.toyota-industries.com.ar/)

4.1.1 Hardware

4.1.1.1 Astra Camera

For the pallet detection functionality in the industrial stacker, the camera chosen was a model Astra
from Orbbec. This camera produces both RGB and depth imaging, has a physical size of 165 X 30 X 40 mm
and it is power supplied by the same USB port used to communicate with the computer (Orbbec, 2019).

Table 2 presents the most important specifications of the camera.

Figure 23: Astra camera by Orbbec (adapted from https://orbbec3d.com/product-astra-pro/)
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Resolution Frame Rate Range Field of View
640 X 480 pixels | 30 frames per second | 0.6 mto 8 m | 60° HX 49.5°VX73°D

Table 2: Technical specifications of the Astra camera by Orbbec

4.1.2 Software

4.1.2.1 OpenCV

OpenCV is an open source library aimed at the development of computer visions applications. It
has more than 2500 algorithms already optimized for a variety of intentions such as, for example, facial
recognition, tracking of moving objects or generation of 3D point clouds from stereo inputs. It offers
interfaces for C++, Python, Java and MATLAB, and is compatible with most operating systems such as
Windows, Linux, Mac OS and Android (OpenCV, 2020).

For the purpose of this dissertation, OpenCV was used in the context of C++ programming using a

Linux environment.

4.1.2.2 ROS

ROS (Robot Operation System) is an open source framework for development and implementation
of robotic software. It integrates countless libraries and tools frequently used in state-of-the-art robotics,
including OpenCV (see Subsection 4.1.2.1), and provides an uniformed and modular general-purpose
environment that allows easy integration and sharing of solutions (ROS, 2020).

For the purpose of this dissertation, the ROS Kinectic Kame distribution was used in Ubuntu 16.04

LTS.

4.2 Sawyer Robot

Analogously to the system of the stacker vehicle, the one developed with the goal of working on the
Sawyer Robot is also based on ROS. Figure 24 presents the simplified architecture that will be explained

in more detail in Chapter 6.
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? ] RGB + Depth Frames Object detection and Objects Information J
distinction
Sawyer Robot

Kinect Camera

Figure 24: Simplified architecture of the vision system of the sawyer robot

The Sawyer Robot is a collaborative robotic arm made by Rethink Robotics. It has 7 degrees of freedom,
a maximum range of 1.260 m, 4 kg payload and is certified to share the workspace with humans. The first
fours joints, JO to J3, have a 350° range, whereas J4 and J5 have 340° and J6 540° (Sawyer Technical,
2021).

It is extremely versatile and according to its manufacture, Sawyer can be used on numerous application
from various industries: from plastic injection in the molding and packaging industry to fragile circuit board

testing in electronics manufacturing or dangerous activities in metal fabrication (RethinkRobotics, 2021).

Figure 25: Sawyer Robot (adapted from https://www.rethinkrobotics.com/sawyer/)
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4.2.1 Hardware

4.2.1.1 Microsoft Kinect

The Kinect is a camera developed by Microsoft. For this dissertation, the first version, the Kinect V1,
was used for software compatibility reasons. It provides both RGB and depth imaging ((Cai et al., 2017)).

Table 3 presents the most important specifications of the camera.

Figure 26: Microsoft Kinect V1 (adapted from https://3rd-strike.com/microsoft-to-discontinue-kinect-for-
windows-v1/)

Resolution Frame Rate Range Field of View
640 X 480 pixels | 30 frames per second | 1.2 mto 3.5 m | 62° H X 48.6° V

Table 3: Technical specifications of the Microsoft Kinect

4.2.2 Software

Similar to the case of the stacker vehicle for pallet detection, OpenCV (see Subsection 4.1.2.1) and ROS

(see Subsection 4.1.2.2) were also used with the Sawyer Robot for object detection and pose calculation.

4.2.2.1 ORK

The ORK framework presents different recognition pipelines, that can be use for object recognition.
The "LINE-MOD" technique was chosen, which is based on fast template matching. The templates are
generated by a random view generator that takes the mesh of an object and generates thousands of
different views using variable angles, rotations and scales of the object (LineMod, 2021).

ORK uses a database to store and manage the objects that it needs to detect. Each object must have
an associated 3D mesh that can be loaded using either a .stl or .obj file. As an alternative, ORK is itself
able to generate a mesh by scanning the object using the camera and a template for reference. The result
meshes obtained by this method proved to be less accurate and reliable than the ones loaded by file (see

Subsection 6.1).
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Chapter 5

Pallet Detection

The algorithm searches for the pallet using the depth images provided by the camera. The depth
image is composed by a single 16-bit channel and the value of each pixel is the distance (in mm) that the
area represented by said pixel is from the camera.

The algorithm runs through the image and searches for significant value differences between con-
secutive pixels. These differences, discontinuities in pixel value, are used to represent the outline of the
frontal face of a pallet: three columns and two openings. As can be seen by examining Figure 27, when
going horizontally through the lower half of a pallet it is expected to find six discontinuities. Each column

is responsible for generating two of those discontinuities.

Figure 27: Frontal face of a pallet with three columns and the two gaps between them

For this particular case, the goal is to only detect discontinuities caused by pallets, so it was determined
that the difference between consecutive pixels is required to be higher than 35 mm and smaller than
335 mm. As the camera is placed on a higher position, looking down at the pallet, the floor is going to be
seen in the area of the openings. The previous values were determined taking that into account, offering a
suitable range for pallets with various heights. Differences that are not in this range are ignored because
they are not caused by a pallet (see flowcharts in Figures 30 and 31).

After finding six discontinuities along , the algorithm is now able to calculate the position of the center

of the three columns: each pair of consecutive discontinuities represents a column and the center is the
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point located in the middle of the pair.

With the three columns center points and given that the center of the forks of the vehicle is known and
immovable in the image, it is possible to obtain the angles v and 3 and the distance between the pallet
and the vehicle.

« is the angle that the center of the vehicle's forks makes with the central column of the pallet. The
desired value for v is 0°.

(3 is the angle that the center of the vehicle’s forks makes with the orientation of the front of the pallet.

The desired value for 5 is 90°. Figure 28 shows an example with a negative v and a 3 higher than 90°.

@ rorks center

@ rallet columns

Figure 28: Top view example of o and 3 angles

The main structure of the program is described in Figure 29:
1. Initializes the node and the node handler;

2. Subscribes to the topics that will contain the depth images (camera/depth/image_raw), the
vehicle position (vehicle_pose), the pallet position (pallet_position) and the topic for the start

and stop instructions (start_docking_orientation_error);

3. Loops infinitely while ros::ok() returns true. A new frame is processed on each loop if both
allowedToSend and newlmagefF|ag flags are true. A new ROl (region of interest) is calculated

if both allowedToSend and newStackerPositionFlag flags are true.
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Figure 29: Flowchart of the main structure of the program
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Finding a Pallet

The find Pallet function is responsible for finding a valid pallet on the current ROl (the Region of

Interest is explained in Section 5.3) (see Figure 30):

—

Check if the forks are inside the pallet (areT heForks!n function);
Goes through the ROI and searches for discontinuities using the find Discontinuities function;

Once the algorithm has gone through the ROl or found 6 discontinuities, it draws the detected

discontinuities on an auxiliary imgDepthView;
Then it checks if the detected discontinuities make a valid pallet with function validatePallet;

If the pallet is not valid, palletFound flag is assigned false. If it is valid, palletFound flag is

assigned true and further calculations are made with the function pall/etHasBeenDetected.

Finding Discontinuities

The process of finding discontinuities is done with the function find Discontinuities (see Figure 31):

1. Read the current pixel;

Read the next pixel of interest (12 pixels after the current one);
Check if there is already a discontinuity near the current area of search;

If there is not a discontinuity near, calculate the difference between the values of the current and

the next pixel;

If the calculated difference is inside the predetermined range, check the value of n pixels before

and after the discontinuity to safeguard for cases in which noise created false positives;

If the values are consistent, add the new discontinuity to the discontinuities array.

NOTE: In the findDiscontinuities function, the nextPixel is not the one immediately after the

currentPixel. There is a 12-pixel distance to account for cases in which the discontinuity can be gradual

over a group of consecutive pixels. The discontinuity if detected, is then considered to be in the middle

point (6 pixels in front of the currentPixel).
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Figure 30: Flowchart of find Pallet function
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Figure 31: Flowchart of find Discontinuities function



5.1 Misalignment Angles

5.1.1 Angle o

« is calculated using the coordinates of the center of the forks and the center column of the pallet.
These two points and the straight line that passes on the center of the forks and has the same orientation
as the stacker make a rectangle triangle as the one shown in Figure 33.

Figures 32 and 33 represent an example in which « is negative.

@ Forks center

@ Pallet columns

Figure 32: Example positioning

X 2

Figure 33: Geometric interpretation
Assuming that point 1 is given by coordinates (z1, ¥1) and point 2 by the coordinates (x5, ¥2), then:

=Y — Y2
b:l'l—l‘g (51)

b
— arctan(=
a = arc an(a)
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5.1.2 Angle
[ is calculated using the coordinates of the center of the forks and both center and right side columns

of the pallet. The three points form a triangle as the one shown in Figure 35.

Figures 34 and 35 represent an example in which /3 is lower than 90°.

@ Forks center

@ Pallet columns

Figure 34: Example positioning

Figure 35: Geometric interpretation

All three sides of the triangle (a, b and ¢) are hypotenuses of adjacent rectangle triangles shown in
Figure 35 and can be calculated with the Pythagorean Theorem.

Assuming that point 1 is given by coordinates (z1, 1), point 2 by the coordinates (x5, y») and point

3 by the coordinates (x3, ¥3), then:
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Calculating a:

a1 = T — T2
Az =Y1 — Y2 (5.2)

2 _ 2 2
a” =aj + a3

Calculating b:
by =21 — 23
by =1y1 — Y3 (5.3)
b = b% + b%

Calculating c:

Cl =Tg — T3

Co=Y2 — Y3 (5.4)

2_ 2, 2
" =c]+

The Law of Cosines can now be applied in order to obtain 5:

b2 — CL2 —+ 02 — 2.a.c. COS(B)

a’+ c* —b?
— arccos( ——
b ( 2.a.c )

(5.5)

5.2 Pallet Distance

The distance to pallet is the distance that goes from the rotation center of the vehicle (center of the
forks) to the center column of the pallet. It is calculated according to Figures 36 and 37, where it is
represented by d2. height represents the height of the camera in relation to the ground and d I is the
distance from the center of the forks to the position of the camera. Both are known and constant. The

hyp variable is the value given by the camera.

34



@ rorks center

@ Ccamera

@ Pallet center column

Figure 36: Side view example of the stacker and the pallet

height

d1l d2

@ rorks center

@ camera

@ rallet center column

Figure 37: Geometric interpretation

As shown in Figure 37, the situation can be interpreted as a rectangle triangle and d 2 can be calculated

with the Pythagorean Theorem.

(dy + dy)* = hyp* — height?
(5.6)

dy = \/hyp? — height? — d,

5.3 Dynamic Region of Interest

For the purpose of detecting a pallet, it is required to develop a system capable of ignoring all the
information present on the image that is not related to the pallet. A region of interest is used. This region
of interest is calculated in real-time using information from the positioning and orientation systems of the

vehicle.
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The region of interest has the shape of a rectangle. The algorithm focuses only on calculating the left
and right sides. The vertical limits can stay fixed, as the danger of non-pallet interference is much smaller
(allowing the rectangle to be longer by default) and the vehicle starts the picking manoeuvre at a maximum
distance of 70 cm from the pallet expected area, which results in a smaller height variation throughout the

process. Three different components are taken into consideration for this purpose:

¢ The straight line distance between the vehicle and the area where the pallet is supposed to be;
¢ The position of the vehicle in relation to the position of the area where the pallet is supposed to be;

¢ The orientation of the vehicle in relation to the orientation of the area where the pallet is supposed

to be.

5.3.1 Size of the Region of Interest

The size of the region of interest is determined by the distance between the vehicle and the area where
the pallet is expected to be and affects the length of the rectangle. The further the vehicle is to the pallet,
the smaller the length of the region of interest needs to be and vice versa.

The camera has a field view of 60° and produces images with a 640 X 480 resolution (see Figure 38)

Orbbec (2019).

60° ||640p = .

Figure 38: Top view of the camera field of view Figure 39: Schematic interpretation
Using the scheme from Figure 39, where d is the distance from the camera to the front of the pallet
area and Ije, 4 is the length, in m, that the 640 pixels of the image cover, the following mathematical

equation is used in order to obtain an expression that calculates /jc,,qp, in function of d:

Ilength/Q
d (5.7)
]length = 2.d. tan(30°)

tan(30°) =
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The distance d is acquired using the two dimensional positioning coordinates from both vehicle and

pallet area:

A= /(e = 2,)% + (ye — )? (5.8)

Where z. and y. are the coordinates of the camera and x,, and y,, are the coordinates of the area of
the pallet.
Having, in Ije,q:h, the metrical length that 640 pixels of the image cover, it is possible to determine

how many pixels are needed to capture the entire area of the pallet.

]length o 640

Palletlength B ? (59)

Where Palleticng, is the length expected for the pallet area, in m, and P is the number of pixels

that area occupies in the image.

P Palletengen * 640

Ilength

(5.10)

Replacing Ijengen for its equivalent:

_ Palletepgen * 640
~ 2.d.tan(30°)

(5.11)

The left and right sides of the region of interest have to distance P pixels between themselves.

5.3.2 Position of the Region of Interest

The position of the region of interest is divided into two different components: the positioning and the
orientation of the vehicle relative to the pallet area. Both components cause a left or right displacement in
the center of the region of interest, forcing the left and right sides of it to also suffer the same displacement.

Positioning component

The position component compensates for cases in which the vehicle is not in line with the pallet area

as shown in the example of Figure 40.
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@ Pallet area center

@® Camera

Figure 40: Vehicle not in line with the pallet

The angle P is defined by following equation:

Te— Tp

tan(®) =
( ) Ye — Yp

(5.12)

Where z. and . are the coordinates of the camera and x,, and y,, are the coordinates of the center
of the area of the pallet.
With ® is it possible to obtain the displacement the vehicle has from the plain of the pallet expected

area:

Positiongsiocation = d. sin(P) (5.13)

Where Positiongisiocation 1S hoW much the vehicle is dislocated from the plain of the pallet area, in

m, and d is the distance as calculated in Equation 5.8 from Section 5.3.1.

The value of Positiong;socation NEEAS to be transformed to pixels so that it can be applied to the

image. Using the Ijc,,4¢, from Equation 5.7 from Section 5.3.1 the following relation can be established:

[length _ 640 (5 14)
POSitiondislocation POSitiOncomponent .
Positiongy; ion * 640
Positioncomponent = dislocatio (5.15)

Ilength
The Positioncomponent represents the value, in pixels, that the center of the region of interest needs
to dislocate along the x axis of the image to compensate for the different positions of the vehicle and the

pallet area.
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Orientation component

The orientation component is result of the orientations of the vehicle and the area of the pallet not
coinciding. It is obtained by calculating the difference between the absolute orientation of the vehicle and

the absolute orientation of the expected pallet area, which are given by the vehicle positioning system:

Ay = ¢y — by (5.16)

Where ¢, is the absolute angle of orientation of the vehicle, in rad, ¢, is the absolute angle of orien-
tation of the expected pallet area, in rad, and A, is the difference between the two.
Knowing that the camera has a field of view of 60° for an image with 640 pixels of length, the following

relation can be made:

60° 180° 640
xm/180° 6 (5.17)
Ay Orientation component
Ay * 640
Orientation component = ¢ * (5.18)

60° * 7/180°
The Orientationcomponent represents the value, in pixels, that the center of the region of interest

needs to displace along the x axis of the image to compensate for the angle difference.

5.4 Implementation Constraints

The pallet detection module was designed taking into account limitations and requirements of the
scenario in which the vehicle is intended to operate.

Due to restrictions imposed by the area the stacker has at its disposal to operate in the pallet picking
manoeuvres, there is a distance range prerequisite comprised between 20 and 70 cm between the vehicle
and the pallet in order for the picking to proceed.

For a correct execution of the picking task, there is a maximum initial error for the « angle of the
pallet. This condition is directly related to the maximum distance to the pallet mentioned in the previous
paragraph, as increased angle corrections require more area of operation and bigger starting distances

that are not achievable. The maximum value for «v is &= 30°.
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Chapter 6

Object Detection and Pose Calculation

In this chapter it is explained how the software for object detection was developed while integrating
the ORK framework and its functionalities. It is also presented a test study case that required the creation
of an extra software layer.

The full architecture of the system is represented in Figure 41.

? RGB Frames + Depth Frames I
Kinect Camera

Column OQutput
Distinction Hvision_system_oufput

3D point cloud /recognized_object_array /detected_objects

» Objects Pose

Figure 41: Scheme of the complete column detection process
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6.1 Generic implementation using ORK

The first step when using ORK is to introduce the objects on the database. This can be done either by
loading an .stl or .obj file or using the built-in function for manually scanning objects using the Microsoft
Kinect (see Subsection 4.2.2.1). The preliminary tests with the scanning method, using a can of soda as
test subject, provided worse results compared to the case where a mesh of the object is loaded by file into

the database. Figures 42 and 43 present the resulting meshes from both approaches.

Figure 42: Soda can model from .obj file Figure 43: Soda can scanned by the camera

6.1.1 Processing ORK information

The output generated by ORK detection software is published to a ROS topic so that it is widely available
for other processes sharing the same ROS environment.
A software module was developed in order to act as an extra output layer for ORK. It has two main

purposes:

 Filter the data, eliminating both positive and negative detection outliers;

¢ Transform the default coordinates provided by ORK into coordinates of a predetermined world frame.

6.1.1.1 Filtering the data

Given that the information provided by ORK is not perfect, a simple filtering mechanism was designed
using counters. Each new object present in the output of ORK gets assigned a counter, whose value may
be changed with every new incoming message. In order to be considered a "real” detection and not a false
positive, an object needs to appear on at least three out of every four consecutive messages. Once that

happens, the opposite is required in order to delete the object: it needs to not be included on at least three
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out of every four consecutive messages. These values result in a 75 % threshold to determine whether an
object should be considered valid or not, which provide a good balance between obtaining good results

and keeping the delay introduced to the program low.

The received DataFiltering function (see Figure 44) is responsible for this procedure:

1. Check if the filter already has objects. If yes, decide if the received information is a new instance of
objects that already exist or if it regards new objects. Only the new ones are added to the provisory

array. If not, all received objects are added.

2. Update provisory counters. Delete for the provisory objects array the objects whose counter is above

the max limit;

3. Decide if the provisory objects are new instances of objects that already exist in the real objects or

if they are new ones;

4. For each object in provisory that is not yet in the real objects, check if its counter is above the

threshold. If yes, add it to the real objects;

5. Update real counters. Delete for the real objects array the objects whose counter is above the max

limit.
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Figure 44: Flowchart of the filtering algorithm

43



6.1.1.2 Coordinates transformation

ORK publishes information on the ROS topic using objects. Each real life item detected has a corre-
sponding software object published with attributes such as name, confidence and pose. The pose attribute
is a standardised ROS feature composed of position and orientation (ROS pose, 2021).

The position coordinates are calculated by ORK using the camera as the origin of the frame as pre-

sented in Figure 45.

Y Y

(a) Front view (b) Side view

Figure 45: Original ORK coordenate axis

In the test scenario using the Sawyer Robot, the camera is placed on a metal structure slightly above
and behind the robot and pointing downwards at a 45° angle.
The wanted world frame has its origin on the base of the robot, at table height and is shown in

Figure 46.

Figure 46: Work table, Sawyer and camera with world coordinates frame
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The transformation in question is a rotation around the x-axis of 90° plus the 45° inclination of the

camera. A 6 rotation around the x-axis is given by the following matrix:

1 0 0
0 cosf —sind
0 sinf cos6
Additionally, the camera is not placed on the origin of the frame, being 0.83 m above table height and
0.20 m behind the robot.

The full transformation is given by Equation 6.1

-xw- -1 0 0 0 ] -:[c-
Yo | _ 0 cos(135°) —sin(135°) 0.83 | Y 61)
Zw 0 sin(135°) cos(135°) —0.20 Ze
I 1 | _0 0 0 1 11 1 |

In which (z.,y.,z.) are the coordinates of an object relative to the camera frame from Figure 45 and
(7w,Yw,2w) are the coordinates of an object relative to the world frame.

Furthermore, a rotation around the z-axis is also implemented for cases in which the camera is not
capturing the work area from the same side as the robot. It is not used for the scenario at hand. A 6

rotation around the z-axis is given by the following matrix:

cosf) —sind 0
sinf cosf O
0 0 1

The Objects Pose module is structured as follows (see Figure 47):

1. Check if new objects were received. If yes, pass them through the filter;

2. Check if there are objects in the real objects array. If yes, transform their coordinates with the

function transformCoordinates and publish the data.
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Objects Pose

Initialize subscriber and
publisher

rosspinOnce() ]

End

received
ObjectsFlag
?

True

Y

receivedDataRltering

size of
real ohejcts
amay =10
?

False A

transform Coordinates

[ publish objects data ]

Figure 47: Flowchart of the Objects Pose module
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6.2 Test study case

With the purpose of applying the ORK to a real example, a test study case was used with a pre-existent
assembling structure. This model consists of columns that are mounted as the edges of a rectangular

prism (see Figure 48).

Figure 48: Image of the fully assembled structure

There are two main types of columns present in this assembly: horizontal (see Figure 49) and vertical

corner (see Figure 50).

(a) Real column used (b) Model of the column

Figure 49: Example of horizontal column of the structure

In the case of the horizontal columns, they appear in two different versions: short with 37.5 cm of
lenght and long with 85.5 cm of length. This measurement is the only one differing between them and for

the purposes of ORK, one database model is sufficient for detecting both.
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(a) Real lateral column used (b) Model of the column

Figure 50: Example of vertical corner column of the structure

Furthermore, some components of the object orientation are limited depending on the type of column.
For horizontal columns, ro/l and pitch are constant when the column is on the table, so they are assumed
to have the value of 0°. And, because horizontal columns are symmetric, yaw can be limited to [0,180]°.

For the vertical columns, only pitch is constant and assumed as 0°.

6.2.1 Column distinction

Given that ORK only differentiates between objects with different forms, a software model was de-
veloped to identify the colour of each column. It uses the data published by ORK as guidelines to help
identify the columns on the RGB image. The algorithm runs every time new information from the output

of Subsection 6.1.1 and camera frames from the Kinect are published on the respective ROS topic.

6.2.1.1 Colour and depth images alignment

Given that colour (RGB) and depth are captured by different hardware inside the Kinect, the resulting
images are not an exact match. In order to facilitate the handling of the images and have the pixels match,
the transformation represented in Equation 6.2 was applied to the depth image. The translation of -2 pixels
along the x-axis was deemed good enough for the problem at hand, in function of information about the

Kinect obtained in other works.

x 1 0 =2 x
vyl =101 0|-|y (6.2)
1 00 1 1
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In which (x,y) are the original coordinates of the pixels in the depth image and (x’,y’) are the coordinates

of the pixels in the corrected depth image.

6.2.1.2 Image preparation

The first step on the algorithm is to pre-process the image. Now that the colour and depth images
are aligned (see Subsubsection 6.2.1.1), the pixels on the RGB image that correspond to depth pixels that
are more than 3 m away from the camera are "eliminated” (their value is set to (0,0,0) in the RGB colour
space). This aims to remove any information from the background, leaving only data from the workspace.

Lastly, some blur is applied to the image. The blur works as a low-pass filter, removing noise.

6.2.1.3 Image position approximation from 3D

The distinction between columns is made by resorting mainly to the colour image. With that in mind, it
needs to be established a relation between the positions of the columns in relation to one of the two known
frames and their approximated position in the colour image. For the purposes of the algorithm developed
for the differentiation, this step is not required to be exact, so the conversion equations were obtained by

extrapolation.

Zeotour = 320 + 333.2, (6.3)

Yeolour = 240 + 286.9, (6.4)

In which (2 cotourYeolour) are the coordinates of the pixels in the colour image and (x.,y.) are the two
coordinates on the original camera frame used by ORK (see Figure 45).

The z.. coordinate also influences the positioning in the colour image, as a depth increment brings the
object closer to the center of the image, but given the small distance from the camera to the table this
effect was disregarded.

Images have their origin in the top left corner, with the positive x-axis being right and the positive y-axis
being downwards. The images have a resolution of 640 X 480 pixels, so the origin needs to be shifted

320 pixels along the x-axis and 240 pixels along the y-axis in order to adjust for the new origin position.
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6.2.1.4 Column search in colour images

In theory, the positioning data provided by ORK should be given in reference to the origin of the frame
of the respective .obj file. However, this is not consistently observed in practice, with the position point
varying along the column. For that reason, in order to locate an object in the colour image, the ORK data
can only be used as starting point for a search algorithm.

The edges of the colour image are extracted using the Canny Edge Detector (see Subsection 3.4.1).
The resulting edges are slightly dilated (see Section 3.3) in order to eliminate small gaps and close figures
that might have been left open by the detector. From these edges are obtained resulting contours that
represent all the shapes on the image.

The algorithm proceeds to find and select suitable contours for each column detected by ORK. In
order for a contour to be suitable to be a column, it needs to have an area higher than 800 pizel? and
lower than 5000 pizel?. This step is done with the goal of immediately eliminating contours that are
too small or too big. For the remaining, it is calculated the distance to each point from Subsubsection
6.2.1.3. The suitable contours for each point are the ones that have that point located inside them or are
less than 30 pixels away from it. The 30 pixels value was taken as the maximum error of the conversion
in Subsubsection 6.2.1.3. If this value is too high, the program may not work properly in cases where the
objects are close to each other, so this balance was found.

Finally, to each point it is assigned only one contour from the suitable ones, the one with the smallest
area. The aim of this procedure is to find the contour of the rectangle located between the two colour

stripes of each column (see Figures 51 and 52).

Figure 51: Selected contour Figure 52: Rectangle obtained from contour

Using the OpenCV function minAreaRect, objects of the class Rotated Rect are obtained from the

selected contours. The objects of this class have as attributes the center of the rectangle, the size and the
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rotation angle (RotatedRect, 2021).

6.2.1.5 Colour analysis

The colour identification of each column is done by taking the rectangles obtained in Subsubsection
6.2.1.4 as reference. In most cases, the colour stripes of a column are situated immediately after the
shorter sides of these rectangles. A 20 pixels elongation in both extremes in the direction of the longer
side of the rectangle (see Figure 53) was deemed good enough in order to capture the coloured areas.

This elongation can not be very large, as it may start acquiring data that is not related to the column.

Figure 53: Resulting image after elongating the rectangle to its sides

There are some times though, where the original rectangle is larger than expected, covering the entire
column. This is the result of a mix of lighting conditions and the colour of the column.

Taking into consideration this two aspects, the colour analysis is done by extracting one image, with
40 pixels of width, from each extreme of the rectangle (see Figures 54 and 55). That way it is assured

that the colour stripes are part of the images.

Figure 54: Image of the left side Figure 55: Image of the right side

The histograms of those two images are calculated (see Section 3.2) and split into the possible colours.

Table 4 shows the Hue range chosen for each colour.

Colour Red | Orange | Yellow | Green | Light Blue | Dark Blue | Purple
Colour ID 1 2 3 4 5 6 7

Min Hue Range | 2 15 28 40 85 100 140
Max Hue Range | 13 | 25 34 70 99 130 170

Table 4: Hue range for each colour (O to 180 scale)

The total number of pixels in both images for each colour is added and the colour with the highest
number is the chosen one, as long as the value is higher than 50 pixels. If no colour is able to surpass

the 50 pixels threshold, then the column’s colour is deemed Undefined.

o1



The Column Distinction module is structured as follows (see Figure 56):

1. Check if new frames and objects were received. If yes, pre-process the frames, approximate the

objects position to 2D points and apply the Canny Edge Detector;
2. Goes through all 2D points (each point corresponding to an object);

3. For each 2D point, one contour is selected and the equivalent rectangle is obtained. That rectangle

is extended and a new RGB image is extracted from it;

4. Calculate the histogram of the image and determine the colour of the column. Limit and simplify

orientations that do not make sense for that type;

5. Publish column data.

6.3 Limitations

Even though this solution offers good results, there are some limitations that need to be taken into
account that may affect the normal function of the solution.

The most important limitation regards range. ORK uses the 3D point cloud generated by the Kinect to
detect objects, but this cloud has a smaller field of view compared to the colour and depth images. As a
result, objects that are in both the left and right edges of the images are not detected. This problem could
be solved as future work with the installation of a pan-ilt device. Still in the range feature, the detection
loses quality at a fast rate as the object gets further away from the camera (as mentioned in Subsection
2.2.3). This presents a challenge for the placement of the camera, as a balance needs to be met between
making sure the horizontal range is acceptable and the distance is not excessive.

Other limitation concerns the orientation of objects. The extraction of orientations is not very precise
and the resulting values are inconsistent approximations. Some measures are taken with the goal of
minimizing this aspect, such as artificially limiting the angles of some columns, but it is still possible to
observe the effects on the results.

Some delay can also be experienced, specially when there are several columns in the scenario. This
happens mostly because of ORK, whose execution gets heavier with an increased number of objects. The
filtering process described in Subsubsection 6.1.1.1 also introduces delay to the system, but in a much

smaller magnitude.
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Figure 56: Flowchart of the Column Distinction module
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Finally, there are limitations which are characteristic of the scenario itself. With the camera located
behind the robot, obstructions are a frequent occurrence during the completion of a task, as the arm is
constantly in motion. The size of the structure can also be a limitation, particularly in latter moments of

the task when the structure is almost complete and obstructs most of the image.
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Part IV

Tests and Results
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Chapter 7

Pallet Detection

Testing of the Pallet Detection module was divided in two major steps:

e Testing with pre-recorded videos

¢ In-vehicle implementation in an industrial environment

7.1 Pre-recorded videos

For the process of testing and validation during the development of the program, sample videos were
recorded using the chosen camera (see Subsection 4.1.1.1) in both placement and environmental condi-

tions that aim to emulate real-life scenarios in the most accurately state possible.

Figure 57: Raw depth image captured Figure 58: Detection of the edge of the columns

In Figure 58 it is possible to observe, as grey circumferences, the edges of columns that are being
detected by the program. This six points are then used to calculate the smaller green circumferences from

Figure 59 that represent the columns of a valid pallet.
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Figure 59: Full representation of points of interest

Furthermore, in Figure 59 it is possible to perceive the red circumference representing the rotation
center of the vehicle, the blue line demonstrating the forward direction of the vehicle and a pink rectangle
delineating the region of interest (see Section 5.3). For this stage of testing, the region of interest was
static and pre-defined given that the information from the navigation system of the vehicle was not being
used. In order to ease the visualization by the user, a binary threshold was applied to the area of interest:

pixels with depth values close to the depth value of the columns are white, while all the others are black.

INFO] [1600972523, 8@ : alpha (deg): 3.333851
INFO] 656 . : beta (deg): 88.494118
INFO] : :
INFO] .396647900]:
INFO] 966 : alpha (deg): 4.807954
INFO] [1 .3967191 : beta (deg): .192047
INFO] :

INFO] [1600972523 IE

INFO] [1600972523 : alpha (deg): 3.74298
INFO] [1608972523.4667814 : beta (deg): 86 3
INFO] [160 .46 :

INFO] . :

INFO] [1600972523. : alpha (deg): 4.275841
INFO] [1600972523.533587933]: beta (deg): 86.543839
INFO] [1608972523.533600047]:

INFO] [1608972523,.596842683]:

INFO] [1600972523.596906501]: alpha (deg): 2.675427
INFO] [160M972523.596942225]: beta (deg): 89.841446
INFO] [16008972523.596963708]:

INFO] [1608972523.668157417]:

INFO] [1600972523.668211004]: alpha (deg): 2.121096
INFO] [1600972523.6682529 : beta (deg): 89.767090
1600972523.668269606] :

Figure 60: « and 3 calculated for the shown example

Figure 60 presents the outputs of the algorithm. The program is continuously evaluating the frames fed
by the camera and produces new outputs with every iteration for real-time adjustments by the navigation

system of the vehicle. For this specific case, the pallet is almost in a perfect position in which the values
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of o and 3 are close to the ideal 0° and 90°, respectively (see Chapter 5). In this stage of testing, the

distance to the pallet was not yet being measured.

7.2 In-vehicle Implementation

Real life testing took place in an industrial facility in a relevant environment. The vehicle was able to
successfully complete full services with pick, drop and park maneuvers. In order to guide the process of
picking, the developed program was used.

In the first (Figures 61 and 62), the pallet started located to the left of the vehicle. In the second
(Figures 65 and 66), the opposite happened with the pallet starting to the right of the vehicle.

7.2.1 Correction to the left

In this case the pallet is slightly to the left of the forks of the vehicle, as can be seen in Figure 61. «
has a value higher than 0° while /3 is an acute angle. The results in Figure 62 also attest to that. Moreover,
it is also provided the distance to the pallet, in m, which was not the case in the previous testing from

Section 7.1.

(a) Raw depth image captured by the camera (b) Full representation of points of interest

Figure 61: Detection of the pallet in real life scenario (pallet to the left of vehicle)
pallet found, alpha valid and beta valid are boolean variables for guidance to the navigation
systems:
* pallet found returns True when a pallet is detected and False when it is not detected;

e alphavalid and beta valid are both variables to account for the existence of outliers. Given the

iterative nature of the detection process, it is possible that sporadic errors occur. When a value of o
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or (3 differs greatly from recent values of that same variable, alpha valid or beta valid become

False in order to signalize it.

alpha: 13.7069610839

beta: 71.782895565
distance_to_pallet: 0.584401621129
pallet_found: True

alpha_valid: True

beta wvalid: True

alpha: 11.8530044177

beta: 73.7688617706
distance_to_pallet: ©.485838198703
pallet found: True

alpha_valid: True

beta_walid: True

alpha: 10.8855269048

beta: 75.2341518402
distance_to_pallet: 0.477090124489
pallet found: True

alpha_valid: True

beta_walid: True

Figure 62: Program output

Figure 62 has the numerical results obtained from the example shown in Figure 61. Three consecutive
valid iterations are presented. The stacker is approaching the pallet, performing the picking movement and
correcting the v angle. Figure 63 shows a graph with the evolutions of alpha and beta in regards to their
expected values throughout a correction to the left. Even though the angles are corrected in sequence,

they are not independent with alpha affecting beta and vice-versa.

Correction to the left

w5l pha rror s heta error

Figure 63: Evolution of the error of o and /3 during the manoeuvre

By analysing the snapshots of Figure 64, it is possible to observe the evolution of the angles during

the correction manoeuvres. In snapshot A the vehicle starts its approach to the pallet, correcting o by
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moving the front to the left side. This process continues in B and is complete in C. In snapshots D and
E, the vehicle continues to move towards the pallet, this time aligning its orientation with the orientation
of the pallet and correcting 3. From snapshots F to | the vehicle moves forward inserting the forks in the

pallet.

Figure 64: Snapshots of stacker picking a pallet and correcting its position (https://youtu.be/
ql-6Jm4FQ9A)

7.2.2 Correction to the right

In this case the opposite of Subsection 7.2.1 is verified. With the pallet to the right of the forks of the
vehicle, « is negative while 3 is an obtuse angle, as can be seen in the values of the respective variable
in Figure 66.

Figure 66 has the numerical results obtained from the example shown in Figure 65. Three consecutive
valid iterations are presented. In this case, the stacker is further away from the pallet compared to the
case in Subsection 7.2.1. Figure 67 shows a graph with the evolutions of alpha and beta in regards to

their expected values throughout a correction to the right.
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(a) Raw depth image captured by the camera (b) Full representation of points of interest

Figure 65: Detection of the pallet in real life scenario (pallet to the right of vehicle)

-9.86580698247
103.995522022
distance_to_pallet: 8.
pallet found: True
alpha_wvalid: True
beta valid: True

-8.65254169718
101.402041197
distance to pallet: 0.578663107545

pallet found: True
alpha_valid: True
beta valid: True

-8.74616224636
102.330787182
distance_to_pallet: 0.570040645686
pallet_found: True
alpha_valid: True
beta_walid: True

Figure 66: Program output
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Correction to the right

15°

10°

-10°
-15°
-20°

= glpha error e beta error

Figure 67: Evolution of the error of o and (3 during the manoeuvre

Figure 68 shows the image sequence of the stacker picking a pallet while making a correction to the
right. In snapshot A the vehicle starts its approach to the pallet, correcting o by moving the front to the
right side. This process continues until D. In snapshots E and F, the vehicle continues to move towards the
pallet, this time aligning its orientation with the orientation of the pallet and correcting 5. From snapshots

G to | the vehicle moves forward inserting the forks in the pallet.

Figure 68: Snapshots of stacker picking a pallet and correcting its position (https://youtu.be/
V1X541X9TYM)
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Chapter 8

Object Detection and Pose Calculation

Testing for the Object Detection module was done in a controlled environment in the MARLab (Mo-
bile and Anthropomorphic Robotics Laboratory). On the first stages of testing, the columns were tested

individually and in groups. In the later stages, the software was tested with the assembling task in progress.

8.1 Individual Testing

This stage of testing had the aim of evaluating the successful operation of the software in ideal condi-

tions, with little to none moving parts and interference.

8.1.1 Small Red Column

The small red column is the smallest and simplest column of all, making it a good subject for the first

tests. With the column placed alone on the table, the software was run.

Figure 69: Raw frame received from camera Figure 70: Column detection
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Figure 71 shows the output of the Objects Pose module, where the data received from ORK is filtered
and the coordinates transformed (see Subsubsections 6.1.1.1 and 6.1.1.2).

Two consecutive iterations are presented of just one column being detected. /mage Position refers
to the original position coordinates from ORK (input of this module) and World Position refers to the
world frame coordinates. Object ID is a unique ID given to each object that gets detected during the
execution of the software. In this case, only one column ever appears on frame so its ID is O.

INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO]
INFO] [1624572 2698
INFO] [1624572750. 0772] 1 AR R R R S R S R

Figure 71: Results from the position algorithm

Figure 72 shows the output of the Column Distinction module, where the data received from
Objects Pose and the RGB and Depth frames from the Kinect are evaluated in order to find out which
specific column is there.

Two consecutive iterations of one column being evaluated are also presented. The number of pixels
found for each colour are displayed, of which the colour red is clearly dominant.

At the end of Column Distinction, the final results are published on the respective ROS topic, vi-
sion_system_output, using a custom ROS message with all the objects detected in the current iteration
of the full algorithm. Figure 73 exhibits one of the messages published on said topic. It is correctly indi-
cated that it is a Small Red Column and the colour ID is 1, which stands for red (see Table 4). The
confidence variable is supplied by ORK when detecting the column. The positioning and pose variables
are provided by the Objects Pose module. For this type of column only the yaw (world_orientation_z)
is supplied. In regards to the position, the column is placed slightly to the right of the center of the table,
which the results confirm as the column is 88 cm in front and 24 cm to the right of the base of the robot

(origin of the world frame).
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Figure 72: Results from the differentiation algorithm

ype_ - Small Red Column
colour_id: [1]

conf ce: [95.93968048095703]
image_position_x: [0.2 3¢ 6917]
image_position_y: [0.1293761432170868]
image_position_z: [1.6 5594100952 ]
world_position_x: [©. 96902 76917]

world position_y: [0.8844854235649109]
world position z: [0.054411936551332474]
world orientation [0.08]

world orientation j [6.68]

world orientation_z: [74.60445404052734]

Figure 73: Results published on the ROS topic (https://youtu.be/pCc9ID1X71f4)
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With the goal of testing the sturdiness of the software, the column was placed in 3 different positions
and 10 samples were registered for each position. The position of the column was measured manually
and the average error and larger deviation were calculated. Table 5 presents the results.

The average positional error for this case has values up to = 2 cm while for yaw the error is around

the 5° range.

Position | Manually Measured Positions Average Values Obtained

Tm Um Zm, YAWyy, T Y z yaw
1 26 83 4 70 24,58 | 85,21 | 2,75 | 75,16
2 -39 74 4 20 -39,94 | 75,46 | 4,35 | 24,20
3 30 54 4 170 29,10 | 55,037 | 5,21 | 166,07

Position Average Error Larger Deviation

& | e | e | ey | Joal | 1oyl [ 102l | [7aul
1 1,42 | 2,21 | 1,25 -5,16 2,50 3,69 | 251 | 754
2 094 | -1,46 | -0,35 -4,20 1,49 2,04 10,86 | 6,80
3 0,89 | -1,037 | -1,21 3,93 1,55 192 | 1,84 | 4,99

Table 5: Summary of the sturdiness tests for the red column (all positions are in cm and all angles in
degrees)

8.1.2 Corner Green Column

The corner green column is geometrically identical to the other three corner columns (yellow, orange

and purple). As in Subsection 8.1.1, the column was placed alone on the table.

Figure 74: Raw frame received from camera Figure 75: Column detection

Figure 76 shows the output of the Objects Pose module, where the data received from ORK is filtered
and the coordinates transformed (see Subsubsections 6.1.1.1 and 6.1.1.2).
Image Position refers to the original position coordinates from ORK (input of this module) and World

Position refers to the world frame coordinates.
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Figure 76: Results from the position algorithm

Figure 77 shows the output of the Column Distinction module, where the data received from

Objects Pose and the RGB and Depth frames from the Kinect are evaluated in order to find out which

specific column is there.

The number of pixels found for each colour are displayed, of which the colour green is clearly dominant.
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: Dark Blue 0
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Figure 77: Results from the differentiation algorithm

Figure 78 exhibits one of the messages published on the output topic. It is correctly indicated that

itis a Corner Green Column and the colour ID is 4, which stands for green (see Table 4). This time

the column is on the center of the table and slightly to the left which is shown by the wor/d_position_x

being -9 cm. In regards to the orientation, this being a corner column, the pitch (world_orientation_y)

is also provided as the orientation of the joint is important information.
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world:position:
world _position_
world _orientation_x:

world_c
world orientation_z: [350.9723815917969]

[95.83333587646484]
i x: [-0.08582080900669098]
[0.87679403573274612 ]
_z: [1.6169967651367188]
X: [-0.08582080900669098 ]

ientation_y:

Ve

[0.8390877842903137]

[0.05230903998017311]
[0.0]
[91.47138214111328]

Figure 78: Results published on the ROS topic (https://youtu.be/bfLiaYDwCeA)

With the goal of testing the sturdiness of the software, the column was placed in 3 different positions

and 10 samples were registered for each position. The position of the column was measured manually

and the average error and larger deviation were calculated. Table 6 presents the results.

The average positional error for this case has values up to = 2 cm while for yaw the error is around

the 4= 5° range and for pitch closer to the & 10° mark. pitch also has deviation values higher than yaw.

Position Manually Measured Positions Average Values Obtained
T, Ym Zm | yaw,, | pitch,, T U z yaw pitch
1 -10 87 4 350 90 9,71 | 88,71 | 5,78 | 354,72 | 98,65
2 49 81 4 85 180 49,65 | 79,54 | 5,49 | 90,53 | 173,89
3 -25 63 6 200 0 23,47 | 63,65 | 8,71 | 195,25 | 9,05
Position Average Error Larger Deviation
€x €y €z Cyaw Epitch |0 | oyl | lo=] | loyaw| | |opitenl
1 0,29 | -1,71 | -1,78 | 4,72 -8,65 164 | 2,42 | 209 | 5,86 9,92
2 0,65 | 1,46 | -1,49 | -5,53 6,11 1,92 | 4,29 | 2,78 | 10,56 14,47
3 -1,53 | 0,65 | 2,71 | 4,75 9,05 3,60 1,34 | 371 | 762 12,20

Table 6: Summary of the sturdiness tests for the green column (all positions are in cm and all angles in

degrees)

8.1.3 Columns in the air

Using the same methods, it is also possible to detect objects in the air being held by humans. It does

not have the same level of effectiveness compared to when the objects are on the table and, consequently,

the results are erratic and not all iterations produce useful output data. Nevertheless, it is possible to make

use of the information if the receiver takes this into account and adapts its procedures accordingly by, for
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example, using a structure with memory to accommodate and read the data, so that the iterations with
unusable results can be inferred with previous iterations. Figures 79 and 80 offer an indication of what

said results look like.

Figure 79: Raw frame received from camera Figure 80: Column detection

Changeable shadowing and lighting conditions are the main issue that affects this aspect of detection.
Unlike the cases where objects are on the table (a constant plane), the situation is considerably different
when the objects are on the air. The data coming from the objects pose module continues to flow con-
stantly, but the object distinction has difficulties extracting the proper edges of the column. As can be
seen in the pairs of Figures 81 and 82 and Figures 83 and 84, the shadowing produces fictional edges
in the middle of the body of the column. In some cases this occurrence affects the good attainment of

the central rectangle (see Subsubsection 6.2.1.4) which is a vital piece in the unfold of the rest of the

algorithm. As consequence, the results are less reliable.

N

Figure 81: Original Image Figure 82: Edge extraction example No.1

Similar to the previous examples, the red column was held in 3 different positions and 10 samples
were registered for each position. The position of the column was measured manually and the average

error and larger deviation were calculated. Table 7 presents the results.
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Figure 83: Original Image Figure 84: Edge extraction example No.2

The average positional error for this case has values up to &= 3 cm (1 cm more than the table example)
while for yaw the error is around the &= 10° (double compared to the table example). The most evident
difference of this case when compared to the previous two resides on the deviation values. These are

much higher, specially for yaw.

Position | Manually Measured Positions Average Values Obtained
Tpn Um Zm, YaW, T Y z Yyaw
1 22 55 64 40 25,34 | 85,2158,17 | 66,28 | 48,43
2 4] 85 41 20 43,41 87,39 42,84 | 29,54
3 -8 86 57 90 -10,13 82,93 58,79 | 101,44
Position Average Error Larger Deviation
€z Cy €z Cyaw |04 |0y ] =] | loyaw]
1 3,34 | -3,17 | -2,28 -8,43 13,92 10,60 22,64 | -32,01
2 2,41 | -2,39 | -1,84 9,54 6,42 9,07 6,96 | 30,49
3 2,13 | 3,07 | -1,79 -11,44 6,64 10,09 3,99 | 24,42

Table 7: Summary of the sturdiness tests for the red column in the air (all positions are in cm and all
angles in degrees)

8.2 Testing various columns at the same time

This time, the small red column and three corner columns (green, yellow and orange) were laid on
the table.

As mentioned in Subsubsection 6.2.1.5, it is possible to observe that the rectangle for the yellow
column does not follow the same pattern as the others. Because said colour is extremely bright, the edges
between the inner rectangle and the colour stripes are not solid enough. Nevertheless, the yellow colour is
still correctly identified because the algorithm also takes into account part of the area inside the rectangle.

Figure 87 exhibits one of the messages published to the output topic. All four columns are correctly

identified. The Small Red Column is the leftmost of all columns and has the highestwor/d_position_x
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Figure 85: Raw frame received from camera Figure 86: Column detection

(57 cm). In contrast, the Corner Green Column is on the other edge of the table (-64 cm). The
Corner Purple Column is the one further away from the robot, with a wor/d_position_x of 106 cm,

approximately 15 cm more than the other columns.

D.911 23399353, 0.8 ?Tb-l?-lb@?};l]
0.10598780 0.04892 4 3.0 31145620346, 0.09150197356939316]

_x: [0.0, 0. .
on_y: [102.559844970 95.21 836, 192. 296875]
world_orientation_z: [354.47247314453125, 96.5197982788086, 44, 264.67425537109375]

a, e

Figure 87: Results published on the ROS topic (https://youtu.be/jjiYrZP59ak)

Table 8 offers a clearer summary of the information from Figure 87.

Column Position (cm) Orientation (deg) | Confidence (%)
T Yo Zw | pitchy, | yaw,

Small Red 0,57 | 0,91 | 0,05 0 96,52 94,44
Corner Yellow | 0,32 | 0,89 | 0,09 | 192,47 | 264,67 92,86
Corner Purple | -0,16 | 1,07 | 0,11 | 102,56 | 354,47 94,64
Corner Green | -0,64 | 0,88 | 0,08 | 95,22 250,30 94,05

Table 8: Summary of the pose of the columns
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8.3 Testing during task

This stage of testing was done with the assembling of the structure in progress with the robot and a
human working together. In order to facilitate this process for the demonstration and avoid obstructions,
only the corner columns were assembled. This procedure is comprised by two stages. In each one the
robot firstly moves its arm to the side so that the vision system can operate correctly and supply the data
to the rest of the systems so that the robot can operate accordingly.

In the first stage, the yellow column is already in place and the other three are around the base. The
software identifies and obtains information about those three columns. The purple column is placed by
the robot, since its place is on the side of the workplace of the robot. For the same reason, the green
column is placed by the human.

At the start of the second stage, the process is repeated with only the orange column yet to be placed.

This robot is also responsible for the placement of this piece.
First Stage

As described above, Figures 88 and 89 present the beginning of the first stage of the task. The arm

of the robot is not in the field of view, allowing for a clear image of the entire workspace.

Figure 88: Raw frame received from camera Figure 89: Column detection first stage

Figure 90 portrays one of the messages published on the output topic. The purple, green and orange
columns are correctly identified, along their poses and a confidence variable. The yellow column already

in place is ignored.
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header:
seq:

orner Purple Column
en Column

position_x: [-0.6 ? 5514669418]

position_y: [0.153 666908748997, 0 857330832]
image_position_z: [1.5428954362869263, 1.55291 31671143, 1.364021897315979]
world_position x: [-8.6 255188, 0.6124707460483442, 0.10521205514669418]
world_position_y: [0.793 70652, ©.8251897096633911, 0.5677261352539062]
world_position_z: [0.10354164987802505, 0.12332998216152191, 0.11967814713716507]
world_orientation_x: [© 0.0, 0.0]
world_orientatic : [3082.1499328613281, 1.001211166381836, 0.28316593170166016]
world_orientation_z: [251.0753631591797, 301.0716552734375, 3.468229293823242]

Figure 90: Results published on the ROS topic

Second Stage

In the second stage the orange column is the one remaining. The robot places its arm outside of the

field of view and once more the developed software provides information about the objects on the table.

Figure 91: Raw frame received from camera Figure 92: Column detection second stage

In similar fashion, the final output is shown in Figures 93. The data about the Corner Orange

Column is consistent with the data from the First Stage, as the column stayed untouched.
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Figure 93: Results published on the ROS topic (https://youtu.be/W9stEeE7UPc)
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PartV

Conclusion
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Chapter 9

Discussion and Future Work

In this dissertation two very different problems were resolved using Computer Vision based technolo-
gies.

On one side, it was given to an autonomous stacker the ability to detected and extract the pose of
a pallet by only analysing and manipulating frames from a depth camera using the OpenCV library. The
approach produced quality results, capable of fulfilling the requirements and contributing to the normal
operation of said vehicle when picking pallets. The developed solution also satisfied the conditions set in the
beginning, that aimed for a solution as generic as possible, not depending on size, colour or identification
markers in the pallet to run properly. A noteworthy limitation has surfaced where the extraction of the
angle values may fail, more specifically when the initial values of o and 5 are too far away from the
desired 0° and 90°, respectively. Nonetheless, the range of angle values where that limitation presents
itself is outside the required for the picking manoeuvres in question. It is, however, something to keep in
mind when trying to adapt the methods here portrayed to radically different setups.

As for the second part, regarding object detection, a system was developed having as foundation an
external framework using template matching. The purpose of this task was to endow the Sawyer Robot with
the ability to recognize objects used in assembling tasks and acquire their pose attributes. The results were
good and the robot was capable of providing assistance during a task. Nevertheless, some limitations were
exposed with both limited camera range and slow data update speed when many objects were present
in the scenario. This can be an obstacle when performing tasks, as movements may have to be slowed

down for the vision system to be able to keep up.
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9.1 Future Work

Both parts of the dissertation present opportunities for improvement and development as future work.

For the pallet detection module, the sturdiness of the algorithm is the main point of interest. Obtaining
more features of the pallet besides the depth discontinuities between columns allows for better methods
of pallet validation (methods that ensure that what is being captured by the camera is indeed a pickable
pallet).

For the object detection module, future work is predominantly related to performance issues. The
software needs to be able to evaluate a larger area, which can be achieved by installing the camera on
a pan-tilt. The search for objects would be done by steps, with the camera changing its orientation with
every step and performing a sweeping motion along the work area. The column identification can also be
refined, mainly in the extraction of contours, where a plethora of different techniques can be employed.
This improvements would contribute for a better functioning of the column distinction when columns are
in the air, as the main concern revolves around the variable shadowing and light conditions that affect the
edge extraction.

From a broader point of view, the next step would be to design and implement a module for human
gesture recognition and identification. The robot would have more information at its disposal, allowing it

to also operate with intention based commands and expediting the collaborative assembling.
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