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MepiAnyn

H unoloyiotikn o6paon eivatl évag suputata peAstnpévog KAAdog tng TeXVNTNg Vorno-
ouvng o ortoiog pe ) alornoinon adyopibuwev OTOXEVEL OtV £pUNVela KAl TV Ka-
Tavonon Tou OmuKoU KOopou. Zuvbudloviag v Yynlakn ernedepyaoia ekovag, v
avayvoptlon potiBou (pattern) kat tnv pnxavikrn padnorn embiokel péoa amno akatep-
yaota debopéva va e§ayet xprioweg minpogpopieg. H pnyavikn épaon otoxevel otnv
avArnuén ocucTPATOS MOTE TA POUIIOT VA KATAVO|OOUV TG E1KOVEG HE TPOITO MTAPOH010
HE autov TV avoparev.

Ze autn 1 Sumlepatikn da ermKkevipoBoUpe otV ONHIACI0AOYIKY THNHPATOIIOINoT, 1)
dradkaoia Staxwpiopou (labelling) k&Be mieploxng -1) pixel- piag ynlakng eikévag oe
OUYKeKPIREVEG TIEPLOYEG 1) aviikeipeva. Kdavoupe xprjon Babiov veupovikov Siktumv
(Deep Neural Networks), ta ortoia ta teAeutaia xpovia €xouv arodeiyBel o1l urepte-
POUV TOV TPONYOUHEV®V TEXVIK®V HNXAVIKNG PAOnong oe S1apopoug topelg, pe v
UTIOAOY10TIKY] OpAOT] va €ival pia aro 11§ mo epgavig neputtooets. Ta Babid veupavi-
Kd §iKTua pmopouv va eKnatbeutouy va avayvepi{ouv kat va opadorolouv aviikeipeva
0€ pa e1KOVA KAl IO OUYKEKPIPEVA TA OUVEAKTIKA veupavika diktua (Convolutional
Neural Networks (CNN)), pia Katnyopia 1oV VEUPOVIKGOV S1IKTU®V TTOU XPpnotporoteitat
ouvHO®S yia v e§ay®yn XApaKINPlOTIK®V OtV MEPIMIROT TOV EIKOVAV, £XEL ATOdEL-
X0l 611 propouv va e§Ayouv onpaviikd OIttikKAa XapaKIinelotikd rmou potadouv pe autd
ToU dnoUpyouUvVIal OTOV OTTIKO (PA010 ToU avBpwriou.

Zuykekplpéva avarntuoooupPe Pld IIPATOTUIT OUVEAIKTIKY] APXITEKTOVIKY] VEUPRVIK®OV
S1IKTUGV Yla oNpactoAoyikn) Tpnpatonoinon ota rmiaiota vrnoBonOnong g avbporuvng
dpaotnpiotntag otnv kabnuepwvr) {wn, pe EPPacn otV ONACIOAOYIKY THATOION 0N
EIKOVOV OF £€vd 0evaplo TIP@1vou. Xprowponoloupe e1koveg RGB kat RGB-D (sikoveg pe
4 kavddia: RGB kat Bd6og) wg orjpata e1066ou kat e§etdloupie ta oPpéAn tng rpoodrKn
mg mAnpogopiag tou PdBog katd v exkmnaideuon tou diktuou. ZLe emdpevo Prpa,
egetaloupe Vv enidoor TOU VEUP®VIKOU H1KTUOU pag otav eknaideutel oe debopéva ano
dlapopetikég omikeég ywvieg. Xpnoporotoupe §U0 KAPEPES TTOU OTOXEVOUV TO TPATTELL
ano dragopetikeg ontikeg yovieg. H mpotn kapepa tomobeteitatl oe headset (ormuikr)
10U Xp1notn) Kat ) Heutepn oTo TPATECL.

ErmuAéov yua v napovoa €peuva dnpioupyrjoape Eva véo ouvolo dedopévev Xpnot-
porowwvtag dvo Intel RealSense kapepeg otnv dopr| rou 1ndén avadpepbnke. Ta mpota
800 cuveAikikd veupwvikd Siktua (CNN) eknaidsutnkayv pe 10 ouvoAdo ebopévav mou
oUAAEEape ano to headset (éva pe RGB kat 1o endpevo pe RGB-D). To 1pito veupaviko
bikTuo erTTA1BeUTNKE e T0 oUVOAO Hedopévav Tou cUAAEXONKe amo tn Seutepn KApepa
Kat 1o tedeutaio pe 1o ouvolo dedopévev Kat arnod tig SU0 OITIKEG.

O pood10p1010G NG ONUAOiAg XPHong KOVEOV aro H1adOPETIKEG OITTIKEG YRVIEG Kal
g mAnpogopiag tou Paboug oty onpacloAoyiky tpnpartornoinon, Y9a Ponbrioet otnv
avArudn 10XUpaVv, YPNYopeV Kal akplBECTEp®V aAyopifpav yia v avayvoplon avit-
KEPEVOV 0g epappoyeg urtoBor|Onong tng avlpwrvng Spaoctnpiotntag otnv Kadnpe-
pwr {wr] (ADL). Auto eival éva onpaviko Prjpa yla v €mteudn 10U TEAIKOU 0ToX0U
mg dnuioupyilag popnot (rm.X. POHRIOTIKOUG Ppaxioveg, avarplkeg KAPEKAEG Kal -
EwokeAeTOUG) TIOU PIopouv va Ponbrjcouv ta atopa pe coBapég Kvnukeg PAabBeg va
AroAayUoouV T0 TIPEIVO TOUG.






Abstract

Computer vision, the field of artificial intelligence that develops computational al-
gorithms to interpret and understand the visual world, has been studied in many
perspectives. It expands from raw data recordings into techniques and ideas com-
bining digital image processing, pattern recognition, machine learning and computer
graphics. As its extensive usage has attracted many scholars to integrate with many
disciplines and fields, in assistive robotics, computer vision aims to develop systems
to help robots understand images in a similar way humans do.

In this thesis, we focus on semantic segmentation, the process of labelling each area
-or pixel- of a digital image according to a representation class. We make use of
deep learning methods, which, over the last years, have been shown to outperform
previous state-of-the-art machine learning techniques in several fields, with com-
puter vision being one of the most prominent cases. Deep learning models can be
trained to identify and classify objects in an image, and, in particular, Convolutional
Neural Networks (CNN), a class of deep neural networks most commonly used in
visual imagery, has been shown to be able to extract important visual features that
resemble the ones generated in the visual cortex of humans.

In particular, we develop a novel convolutional neural network architecture for se-
mantic segmentation in the framework of Activity of Daily Life (ADL), with focus on
semantic segmentation of images in a breakfast scenario. We use RGB and RGB-D
images as input signals (images with 4 channels: RGB colors and Depth) and quan-
tify the benefits of the additional information of depth in object classification. As
a next step, we evaluate the performance of our deep neural network when trained
with data from multiple viewpoints. We make use of two cameras pointing on the
table with a different field of view. The first camera is placed on a headset (user’s
point of view) and the second on the table.

Furthermore, for this project we create a new dataset using two Intel RealSense cam-
era sensors, in the apparatus mentioned above. This dataset is used to train three
different convolutional neural networks for semantic segmentation. The first two
CNNs are trained with the dataset collected from the headset (one with RGB and one
with RGB-D information). The third CNN is trained with the dataset collected from
the second camera, and the last one with the dataset from both camera views.

Quantifying the importance of multiple viewpoints and depth information in seman-
tic segmentation will help in developing robust, fast, and more precise perception
algorithms for object recognition in ADL applications. This is an important step to-
wards the final goal of creating assistive robot agents (e.g. robotic arms, wheelchairs,
and exoskeletons) that can help people with severe motor impairments enjoy their
first meal of the day.
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Chapter 1

Introduction

Image segmentation is an essential component in many visual understanding sys-
tems. It involves partitioning images (or video frames) into multiple segments or
objects [1]. Segmentation plays a central role in a broad range of applications [2], in-
cluding medical image analysis (e.g., tumor boundary extraction and measurement
of tissue volumes), autonomous vehicles (e.g., navigable surface and pedestrian de-
tection), video surveillance, and augmented reality to count a few. Numerous image
segmentation algorithms have been developed in the literature, from the earliest
methods, such as thresholding [3], histogram-based bundling, regiongrowing [4],
and k-means clustering [5], to more advanced algorithms such as conditional and
Markov random fields [6], and sparsity based methods. Over the past few
years, however, deep learning (DL) models have yielded a new generation of image
segmentation models with remarkable performance improvements —often achieving
the highest accuracy rates on popular benchmarks— resulting in a paradigm shift in
the field [9]. For example, Figure presents image segmentation outputs of a popular
deep learning model, DeepLabv3 [10].

Figure 1.1: Segmentation results of DeepLabV3 on sample images.



Image segmentation can be formulated as a classification problem of pixels with se-
mantic labels (semantic segmentation) or partitioning of individual objects (instance
segmentation). Semantic segmentation performs pixel-level labelling with a set of
object categories (e.g., human, car, tree, sky) for all image pixels, thus it is generally
a harder undertaking than image classification, which predicts a single label for the
entire image. Instance segmentation extends semantic segmentation scope further
by detecting and delineating each object of interest in the image (e.g., partitioning of
individual persons).

In this thesis, we will focus on semantic segmentation, the process of labelling each
area -or pixel- of a digital image according to a representation class. We will make
use of deep learning methods, which, over the last years, have been shown to out-
perform previous state-of-the-art machine learning techniques in several fields, with
computer vision being one of the most prominent cases. Deep learning models can
be trained to identify and classify objects in an image, and, in particular, Convolu-
tional Neural Networks (CNN), first proposed by Lecun in [11]. CNNs are a class of
deep neural networks most commonly used in visual imagery, and has been shown
to be able to extract important visual features that resemble the ones generated in
the visual cortex of humans [12,/13].

In this regard, we will develop a novel convolutional neural network architecture,
based on the MobileNetV2 framework [14], for semantic segmentation in the frame-
work of assistive robotics for Activities of Daily Living (ADL) [15,/16]. In particular, we
will focus on semantic segmentation of images in a breakfast scenario. We will use
RGB-D images as input signals (images with 4 channels: RGB colors and Depth) and
quantify the benefits of the additional information of depth in object classification.
We will then evaluate the performance of our deep neural network when trained
with data from multiple viewpoints. We will make use of two cameras pointing on
the table with a different field of view. The first camera will be placed on a headset
(user’s point of view) and the second on the table.

Moreover, for this project we will create a new dataset for assistive robotics ap-
plications, inspired by [16,/17], using two Intel RealSense camera sensors, in the
apparatus mentioned above. This dataset will be used to train four different con-
volutional neural networks for semantic segmentation. The first two CNNs will be
trained with the dataset collected from the headset (one with RGB and one with
RGB-D information). A third CNN will be trained with the dataset collected from the
second camera and the last one with the dataset from both cameras.

Quantifying the importance of the information of depth in semantic segmentation in
object recognition, will help in developing robust, fast, and more precise perception
algorithms for object recognition in ADL applications [18]. This is an important step
towards the long-term goal of creating assistive robot agents (e.g. robotic arms,
wheelchairs, and exoskeletons) [16,/19,20] that can help people with severe motor
impairments enjoy their first meal of the day.



Finally, the contribution of this work can be summarised in the following:

e We introduce a deep convolutional neural network to be used for semantic
segmentation in assistive robotics for activities of daily living

e We create a high-quality real-life labeled dataset of images from a breakfast
table scenario multiple views are provided with potentially partial visibility

* We evaluate the performance of the proposed learning architecture for semantic
segmentation in these new real-life data, and compare it to simulation results

e We quantify the effect of multiple views and depth in the performance of the
proposed algorithms.



Chapter 2

Technical Background

2.1 Computer Vision and Object Recognition

Computer vision has been expanded into the vast area of field ranging from recording
raw data into the extraction of image pattern and information interpretation [21]. It
has a combination of concepts, techniques, and ideas from digital image processing,
pattern recognition, artificial intelligence and computer graphics [22]. Most of the
tasks in computer vision are related to the process of obtaining information on
events or descriptions, from input scenes (digital images) and feature extraction.
The methods used to solve problems in computer vision depend on the application
domain and the nature of the data being analysed.

In the context of assistive robotics, the goal of computer vision algorithms is to
develop systems that can help robots understand images as human vision system
does. There is a variety of computer vision techniques that are widely used today
and choosing the right one for each purpose may sometimes be challenging. These
include:

» Image Classification
* Object Detection
» Instance Segmentation

* Semantic Segmentation

2.1.1 Image Classification and Object Detection

Image classification refers to classifying an image as a whole into different categories.
While many applications are based in classification algorithms such as these [23],
the context of an image cannot be directly interpreted [24].

Object detection, also known as bounding-box detection, involves outputting bound-
ing boxes and labels for each object found inside an image. The difference between
object detection and image classification method is that the first approach classifies
and localise many objects instead of a single one. Object detection is used in vast
domains like scene understanding, self-driving, quality control of parts in manufac-
turing etc [25].



2.1.2 Semantic and Instance Segmentation

Image segmentation is an essential component in many visual understanding syse
tems. It involves partitioning images (or video frames) into multiple segments or
objects [1], Segmentation plays a central role in a broad range of applications [2], ine
cluding medical image analysis (e.g., tumor boundary extraction and measurement
of tissue volumes), autonomous vehicles (e.g., navigable surface and pedestrian des
tection), video surveillance, and augmented reality to count a few.

Image segmentation can be formulated as a classi cation problem of pixels with ses
mantic labels (semantic segmentation) or partitioning of individual objects (instance
segmentation). Semantic segmentation performs pixelelevel labelling with a set of
object categories (e.g., human, car, tree, sky) for all image pixels, thus it is generally
a harder undertaking than image classi cation, which predicts a single label for the
entire image. Instance segmentation extends semantic segmentation scope further
by detecting and delineating each object of interest in the image (e.g., partitioning of
individual persons).

Numerous image segmentation algorithms have been developed in the literature,
from the earliest methods, such as thresholding [3], histogramebased bundling, ree
giongrowing [4],| and kemeans clustering [5], to|more advanced algorithms such as
conditional and Markov random elds [6], and sparsity based [7, 8] methods. Over
the past few years, however, deep learning (DL) models have yielded a new generas
tion of image segmentation models [26] with remarkable performance improvements
often achieving the highest accuracy rates on popular benchmarks resulting in a
paradigm shift in the eld [9,13,18].

Sensor Inputs

Semantic segmentation approaches have been traditionally focused on twoe dimene

sional images [27 31]. The sensor information typically involves three colour chane

nels (RGB) which constitute a complete basis in the colour space where each
channel consists of a 2D array of pixel values, usually in the range of (0;255). Ade
ditional depth information can be added in the form of an extra channel to form the

so called 2 :5D data (RGBe<D), which, however, are still in the minority compared to

the RGB datasets available today [32 36].

2.1.3 Semantic Segmentation for Assistive Robotics in Activities
of Daily Living

In the recent years, the adoption of robotic devices in rehabilitation and assistive eld
is widely increased for a number of reasons; they can assure a high repeatability of
movements and intensity of treatment, an active role of the patients and an enhancee
ment of their level of independence and social participation. Robot motion planning
plays an important role in the interaction between user and assistive technology,
especially for the execution of Activities of Daily Living (ADLS) [16, 17, 37], which
are fundamentals for a social and professional reintegration. Since shared robotic
schemes heavily rely on image sensory for decision making, object recognition and
semantic segmentation stand at the core of most assistive robotics problems.



In order to deal with semantic segmentation in assistive robotics, however, one needs
to employ advanced notions and algorithms from the eld of machine learning, which
is the topic of the next section.

2.2 Machine Learning

Machine Learning, the study of computer algorithms that improve automatically
through experience, has been established as an integral part of the research focus
in a wide range of elds, including computer science, mathematics and neuroscience.
As a sube eld of Arti cial Intelligence it is associated with computational algorithms
that try to recognise patterns, approximate functions, learn data representations and
automatically make decisions. Due to the interdisciplinary nature of these problems,
Machine Learning has adopted mathematical models and methods from functional
analysis, optimisation and systems theory, and has taken inspirations from biology
and neuroscience, the scienti ¢ study of the nervous system of humans towards the
understanding of the biological basis of learning, memory, behavior, perception, and
consciousness.

2.2.1 A Historical Retrospective of Machine Learning.

What came to be known as Machine Learning starts in the 1950's and 1960's
with statistical methods for probabilistic inference. At the same time, digital signal
processing methods and system identi cation and lItering are introduced for linear
systems [38,39], as well as a mathematical model for a biologically inspired arti cial
neural network with the Hebbian and perceptron learning rules [40,41]. In the
1970's, limitations of the perceptrons and neural networks, such as the famous
XOR problem, trigger a pause phase for neural networks called the Al winter .

In the 1980's the rediscovery of the backpropagation algorithm [42] causes a resure
gence in machine learning research, and the concepts of reinforcement learning and
convolutional neural networks are rst introduced [43, 44].

In the 1990's, the work on Machine Learning shifts from a knowledgeedriven ape
proach to a dataesdriven approach. Support vector machines (SVMs) [45] and res
current neural networks (RNNs), such as Long ShorteTerm Memory (LSTM) nete
works [46], become popular, and the elds of computational complexity via neural
networks and supereTuring computation start. At the same time, a hierarchical
vision system, is suggested as a working model of biological vision [47], based on
a prescon gured hierarchy of modules, such as Gabor edge detectors, which are
well represented by wavelet transforms [48], a mathematical theory that gives new
insights in signal decomposition.

In the 2000's, kernel methods [49,50] and unsupervised methods for learning sparse
features and representations become widespread [51 53], and, the existence of an
intrinsic universal learning architecture is strongly supported by a groundbreaking
neuroscienti ¢ study [54] which shows that not only can the rewired auditory cortex
develop the specic Gabor features characteristic of visual cortex, but it can also
become functionally visual [55,56]. Along those lines, in 2006, a greedy algorithm is
proposed to train Deep Belief Networks (DBNSs) [57] in what is considered to be the



breakthrough that initiated the third wave of neural networks and introduces the
term Deep Learning.

In the 2010's, Deep Learning becomes feasible and is scaled up on fast parallel
hardware (GPUs). Deep Convolutional Networks [43], Variational Autoencoders [58]
and Generative Adversarial Networks (GANSs) [59] are employed to learn hierarchical
sparse representations that are structurally and functionally similar to represene
tations in analogous regions of biological cortex, improving the stateeofstheeart in
speech and visual object recognition, and, as will be discussed, semantic segmentas
tion as well.

2.3 Deep Convolutional Neural Networks

Deep learning is a rich family of methods, encompassing neural networks, hierare
chical probabilistic models, and a variety of unsupervised and supervised feature
learning algorithms. The recent surge of interest in deep learning methods is due
to the fact that they have been shown to outperform previous statesofstheeart teche
niques in several tasks, including semantic segmentation.

In particular, Convolutional Neural Networks (CNN), rst proposed by Lecun in [11],
are a class of deep neural networks most commonly used in visual imagery, and has
been shown to be able to extract important visual features that resemble the ones
generated in the visual cortex of humans [12,13].

Convolutional Neural Networks (CNNs) were inspired by the visual system's struce
ture, and in particular by the models of it proposed in [60]. A CNN has a hierarchical
architecture. It comprises three main types of neural layers, namely,

convolutional layers
pooling layers, and
fully connected layers.

Each type of layer plays a di erent role. Figure 2.1 shows a CNN architecture for
an object detection task, and Figure 2.2 shows a CNN architecture for an image
segmentation task.

Figure 2.1: Example architecture of a CNN for a computer vision task (object detece
tion) [13].



Starting from the input signal X, each subsequent layer x; is computed as
Xj = Wij 1 (21)

Here W, is a convolutional operator and is a recti er function, usually the RelLU
function max (x; 0), or the sigmoid function  s(x) = 7==. Because W; represents a
convolution, it is easier to think of it as a stack of convolutional lters, such that the
layers become lter maps and each layer can be written as a sum of convolutions of

the previous layer, i.e.

x(usk;) = % (% 1(; k) Wi;k,-(ik))(u)é (2.2)
k
where represents the discrete convolution operator:
X
(f o)x)=  f(u)ax u) (2.3)
u=1

Typically a downsampling step is implemented after the application of the nonelinear
rectifying function , and the downsampling is done by maxepooling.

We note that convolution operators that take place inside the neural network are
represented by W, which, for inputs of one dimension takes the form of a matrix,
but for higher dimensions, including the twoedimensional images, takes the form of
a general tensor.

From a designer's viewpoint, the e ect of the various hypersparameters of the nete
work needs to be considered. A brief overview is presented next.

Figure 2.2: Fully Convolutional Network gure by Long et a [9].

2.3.1 Hypereparameters

In this section, we discuss the e ect of various parameters of the convolutional
neural network from a practitional standpoint.

Input layers

The input layer brings the information into the system for further processing. For

images as inputs the input layer typically consists of three channels (RGB) of arrays
of pixel values. Depth, as well as dierent viewpoints may be used as additional
channels.

10



Convolutional layers

Convolutional layers are usually the rst layers after the input layer as they has
the advantage that it scales nicely with the size of the input images. Convolutional
layers are lters of certain dimension that is being applied to the whole image in the
entire depth and compute the output of neurons that are connected to local regions
in the input. They compute a dot product between their convolution Iter and a
small region they are connected to in the input image matrix. A convolutional Iter
or kernel decodes the informations in pixels. Each matrix element in the convolution
Iter is the weights that are being trained. These weights will impact the extracted
convolved features. An example of an image with one channel can be seen in gure
2.3 where we apply a lter to extract vertical edges. By convolving the de ned lter
over the image and calculating the results we get the activation map that give us the
information of where the vertical edges are.

Figure 2.3: An example of a 2D convolution operation.

Convolutional layers are de ned using several parameters tree of which will be exe
plained in depth in the following:

Depth
Stride
Zero Padding

The depth parameter corresponds to the number of lters we want to apply in an
image. Dierent lters extract di erent information for the image region such as
edges or colors. The term stride indicates the step that the Iter uses when it
interacts with input image. For example a stride with value 1 indicated that the
Iter interacts with the image by passing one pixel per time. Convolutional layers
create a very precise output (feature map) where a change in the input image can
generate a fully di erent feature map. Increasing the stride parameter is a solution
to this problem. Bigger stride values jumps more pixel and the result is smaller
outputs. By changing the stride of the convolution Iter along the input matrix we
achieve downesampling. As a result a lower resolution matrix of the input matrix is
created that still contains the important structural elements, without the ne detalil
that may not be as useful to the task.

The zero padding parameter is a way to resize the output image by symmetrically
adding zeros to an image tensor in order to adjust the matrix. With this technique
we can control the size of the output so it will have the same height and width with
the input.

11



Among the di erent convolutional neural network approaches, in this work we adopt
the key ideas from the MobileNetV2 network [14] which based on depthwise sepas
rable convolutions. The basic idea of separable convolutions is that they split the
convolution into two separable layers. The rst layer is the depthwise convolution
and the second the pointwise. With depthwise convolution, a single convolutional
layers is being applied thought all the input channels and collects spatial features
from each one of them and with pointwise we can compute linear combinations of
the input channels and extract new features.

Activation layers

Activation layers provide a non linearity to the model and are an important part of
the architecture. The activation functions are often rectifying functions, usually

the ReLU function max (x; 0), or the sigmoid function  s(x) = 7t

For multiclass classi cation problems, however, the softmax operator is widely used,
as it translates to conditional probabilities, i.e. probabilities for a data point to belong
to a speci c class. The softmax operator is de ned as follows:

(x)i = P(dax—iex_; X =[xy xq]" (2.4)
]. ]

Softmax is also the only activation function that can be used with the categorical
crossentropy loss function.

Pooling layers

Pooling layers are usually added after a convolutional layers or a ReLU layer. They
reduce the parameters to learn and as a result the computation of the network. Like
convolutional layers, pooling operations are also like Iters and they are applied
along to each feature map. The dierence between the convolutional layers and
pooling layers is that the last summarise features lying within the region covered
by the lIter instead of precisely positioned as the rst do. This makes the model
more robust to variations in the position of the features in the input image. They
usually reduce the dimensions of the feature map by half and there are two common
operations :

Max Pooling
Average Pooling

Max Pooling lters performs a downsampling in the feature map and they divide it
in smaller parts where then they compute the maximum value in these part.

Figure 2.4: Max<Pooling (left) and AVerage*pooling (right) lters.

12



Average pooling compute the average values present in the region of feature map
covered by the lter.

Fully connected layers

The structure of the fully connected layers is represented in gure 2.5 where each
colored circle is a neuron and the lines in between show the connections.

Figure 2.5: Fully connected layers.

Fully connected layers takes the output from the previous layers and turns them
into a single vector. If we assume that we want to extract features from a color ime
age (RGB) that has a size 25*25*3 (width*height*channels) then we have an image of
1,875 pixels where each pixel is an input ( X ) in the input layer. If we assume that
the next layer has a 4 neurons then the system has 1875 * 4 = 7500 parameters to
calculate. More complex images and more dense networks requires more computas
tional cost. For that reason in complex networks fully connected layers are usually
used only as last layers in a dense network.

2.3.2 Training Algorithms and Evaluation

Deep neural networks are trained with the Backpropagation algorithm [42], which
is a stochastic gradient descent algorithm [61] that tries to minimize the expected
error:

E(X;w) =

X
1
- dya y) (2.5)

n
with respect to the weights  w of the neurons. Here vy is the desired output of the
network and y the actual output. The dissimilarity metric d, which is called the
loss function, is usually chosen to be the Euclidean distance, but can be some other

measure, such as the categorical crossentropy, which is the one that we are going
to be using in this work.

Now, stochastic gradient descent takes the form:
@EX; w )
t —@W

and the partial derivatives propagate through the network as a result of the chain
rule, which gives the training algorithm the name backpropagation.

Wi+ = Wi (2.6)
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An important parameter for the convergence of the stochastic gradient descent ale
gorithms is the choice of the stepsizes ¢, which are called the learning rates. In
particular, adaptive learning rates have been studied for accelerated learning, with

the Adam method [62] being one of the most widely used. We will adopt this method

as well.

Finally, in order to evaluate the performance of the network, we are going to be
using the classi cation loss and the precision measure (true positives over all posie
tives).
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Chapter 3

Methodology

In this chapter we showcase our methodology, including the datasets used (sime
ulated and real) and the proposed neural network learning architecture. We rst
introduce a novel deep convolutional neural network to be used for semantic sege
mentation in assistive robotics for activities of daily living, and test its performance
on a dataset of simulated RBG+D images. In order to assess our methodology in
realslife scenarios, we create a highequality realslife labelled dataset of images from
a breakfast table scenario, that are generated from two di erent camera views.

3.1 Deep Learning for Semantic Segmentation

For our Breakfast scenario approach we need a lightweight neural network in order
to be easily used with mobile robots. Among the numerous deep learning architece
tures that exist in the literature, we build upon the MobileNet V2 [14] architecture
for various reasons. MobileNetV2 is an optimised neural network for mobile devices,
o ers high accuracy values and requires low computational power. The main idea
of MobileNetV2 is to use depthwise separable convolutions  with residuals to build
lighter deep neural networks. In convolutional layers, as explained in Chapter 2,
the convolution lter is applied to each of the channels of the input image. Moe
bileNetV2 uses convolution Iter only in the rst layer and the next layers consists
a 3x3 depthwise and 1x1 pointwise convolutions after one another. The depthwise
convolution does the convolution on each channel separately and is used to lIter
the input channels. Pointwise convolution is similar to regular convolution and is
responsible for extracting new features from depthwise convolutions.

According to Sandeler et al. [14] depthwise separable convolutions is comparable in
performance to convolutional Iters while, at the same time, reduce signi cant the
computational cost. In MobileNetV2, there are two types of blocks. One block is a
residual block with stride of 1 and a second block with stride of 2 for downsampling.

Both blocks include three layers mentioned above (see Figure 3.1 ). Finally, for

the activation function, the authors use a variant of ReLU, called Relu6 ( (x) =
min(maxQ;x); 6)) in an attempt to enhance the performance of the training rule
when faced with loweprecision computations.
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Figure 3.1: MobileNetV2 blocks as proposed in [14].

In our implementation we use MobileNetV2 as a backbone with transferring knowle
edge from ImageNet dataset [63]. The idea of transfer learning is to resuse model
weights from prestrained models in order to minimise training time on large datasets.

In Figure 3.2 we can observe the architecture of our model with the simulated RGB
inputs. Our input dataset has input shape (240,424,3). After the backbone are
chitecture the output shape is (8,14,320). Before we start the upsampling we add
block17 and block18. Block 17 is consisted of a DepthwiseConv2D layer with stride
2 followed by a RelLU layer and a Convolutional 2D with ReLU activation function.
Block 18 is a zero Padding 2D layer needed in order to achieve the desired dimene
sionality for upsampling layers. Each of the upsampling blocks from block 19 to 22
are consisted of 2 layers, an upsampling layer and a concatenate layer. There are
two methods for merging information between layers. Adding and concatenating.
Usually the rst is used when we want to to interpret one of the inputs as a residual
correction to the other input. Concatenating on the other hand is more su cient
when the two inputs aren't very closely related. The last layer of our structure is a
convolutional 2D array with softmax activation function. As mentioned in chapter

2, the softmax function returns the conditional probability for a data point to bee
long to a specic class. Lastly, we use the Adam optimiser as a training rule, and
categorical crossentropy as a loss function.

In order to prevent over tting, we randomly split our datasets to training and testing
sets. We manually set a 10 % of data used for testing. Training with more data can
help the algorithms perform more accurate predictions.

The same blocks, as described above, were used for both the simulated and real
dataset 3.3 with di erent input and output layers. MobileNetV2 architecture res
quires exactly 3 inputs channels, and, as a result training the network with RGB<D
datasets was not achievable. For this reason, we designed a new model based in
MobinetNetV2 blocks in order to be trained with RGB+D inputs. Our new model
accepts 4 channels as inputs and the rest architecture is the same as has already
described. For RGBeD input we did not use transfer learning.

16



Figure 3.2: Block Diagram of the proposed architecture for simulated Dataset.

Figure 3.3: Block Diagram of the proposed architecture for real Dataset.

3.2 Simulated Dataset

The simulated data consist of RGB<D, segmented images that were produced by the
Unreal Engine. The dataset size is 18611 images (424 height x 240 width) and the
scene presents a breakfast scenario with 10 classes of objects. The objects presented
are "Standard", "Room", "Furniture", "Plate”, "Fork", "Bottle", "Cup"”, "Robot", "Head",
"Food". The camera model used by the Unreal Engine in this scenario, emulates an
Intel RealSense camera, which is the model that we are going to use later to record
the realslife images for our real dataset. The camera is mounted on the robot's
endee ector. This approach is adopted to examine how the network's e ciency
in recognising objects is a ected by di erent camera angles 3.5, and under what
conditions it fails to accurately classify them.

An illustration of the dataset is provided in Figure 3.5, which shows the breakfast
scenario approach where the robot arm faces the scene, and in Figure 3.4, which
shows the camera view when the robot arm grabs the food from the table.
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Figure 3.4: RGB Image from simulated with normal scene view.

Figure 3.5: RGB Image from simulated data ( observation from an angle).

3.3 Real Dataset

In order to assess our methodology in realslife scenarios, we create a highequality
realslife labeled dataset of images from a breakfast table scenario, that are generated
from two dierent camera views. RGBeDepth images were taken using two Intel
Realsense cameras pointing on the table, one from the long side and the other from
the short side as shown in gure 3.6. For this dataset 448 RGB+D images were
taken in total, 224 (1280*720 pixels) images from each side of the table. There are
9 distinct objects:

(background, table, cup, bottle, glass, fork, knife, food, plate)

The scene was in a room with yellow colored wall with partly arti cial light, partly
sunlight. Lighting conditions poses a great challenge to the accuracy of object detece
tion. The intensity of the light a ects both the color and the texture characteristics of
objects. Moreover angle lighting can cause shadows which has also and import e ect
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in network's accuracy. In our collected dataset due to the nature of our research,
we couldn't achieve to eliminate shadows from both table views. As we can see in
3.6 from the short side of the table the shadows are not visible while we can observe
them by the view from long side of the table. We will use these contours to asses the
network's accuracy under realslife light artifacts.

Compared to the existing datasets, we have collected our dataset with:
transparent glass
overlapped objects
objects what are not visible from both sides
objects what are in di erent angles.

All the above assumptions could be seen in a Breakfast scenario and it's interesting

to investigate network performance in these unusual cases. Some of the above
assumptions can be observed in gure 3.6. Finally, the labelling process was done

using the labelme tool [64]. An example of created labels is presented in gure
3.7.

Figure 3.6: Table side view.

Figure 3.7: Labeled scene.
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Chapter 4

Experimental Evaluation

In this section we evaluate the performance of the proposed neural network archie
tecture in the simulated and realslife data, for RGB and RGB+D images. We also test
our learning algorithm in multieview input images.

4.1 RGB Data

As shown in Table 4.1, the proposed learning architecture achieves state of the art
accuracy when trained and tested on the RGB images, regardless of whether these
are generated by simulation or captured in real life. The latter is very important
and is telling of the robustness of this architecture in sensor artifacts, especially in
those coming from strange light conditions or bad camera angles. We would like to
emphasize that this is a very encouraging result, since the end goal of the proposed
architecture is to be used in realslife assistive robotics scenarios.

Input Signals Dataset length Epochs s/step Duration loss precision
RGB simulated 1024 250 2 s=step 500min  0:043 0:988
RGB real headset view 224 150 2 s=step 300min  0:080 0:978
RGB real table view 224 150 2 s=step 300min  0:157 0:980

Table 4.1: The loss and precision of the model across di erent epochs and inputs.

In the following gures, we present an example of the actual input and the produced
segmentation of (a) an RGB simulated image, (b) a real RGB image from the headset
view, and (c) a real RGB image from the table view.
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4.1.1 Simulated data

Figure 4.1: An example of an input simulated image and the model's segmentation.

Figure 4.2: True segments values for standard and room.

Figure 4.3: Network results for standard and room.
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Figure 4.4: True segments values for cup and robot.

Figure 4.5: Network segments values for cup and robot.

Figure 4.6: True segments values for fork and bottle.

Figure 4.7: Network segments values for fork and bottle.
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