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A B S T R A C T

Designing the future of work is a goal that is currently being tackled by both indus-
try and academia. In a scenario where we have Human-Robot hybrid teams, it will
be necessary for both human and robots to be aware of each other in their respective
tasks. This thesis explores how specific robots (cobots - collaborative robots) can use
Computer Vision-based methods for awareness of a human’s presence, while using
this data to influence the cobot’s own behaviour. After explorations of the Computer
Vision field in regards to this problem, and selected approaches in the domain of
Human Awareness for Human-Robot Interaction in literature, this thesis presents
a proof of concept software/hardware system that, given all the apriori findings,
implements simple demos that demonstrate both the feasibility and the suitability
of a pure vision-based system for the problem of human awareness. It then analy-
ses the strengths and weaknesses of the proposed system solution, ending with a
road-map of recommendations for a following production prototype.
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1 I N T R O D U C T I O N

Since the introduction of robots in the workforce, there has been research focused
on how to develop human-robot interactions within this context (Sheridan [2016]).
In current times, the recent advance of computer vision techniques has lead to the
increasing ability of ”smart” vision-based Human-Robot Interaction (HRI) compu-
tational systems, and the possibility of integrating these systems in the workforce
productively. Within this new research direction, this thesis explores exactly how
these techniques can be deployed from literature, for both HRI and Computer Vi-
sion (CV), their implementability, and proposes a demo system, to simulate such
interactions, while testing and prototyping it holistically, and its components.

1.1 research project
This thesis project will be centered on a Collaborative Robot (Cobot) (this will be
refined further in Section 1.4), doing a set of preset action/tasks, influenced by
vision feedback of a human ”operator” (thereby using a computational analog to
the way humans perceive the environment and use that visual date to adapt their
behaviour).

The proposed ”human-robot hybrid” system used in the demos that tries to vali-
date this will have the setup described in Figure 1.1 (this setup will be explored in
depth in Chapter 4).

Figure 1.1: Schematic Hybrid System Setup with Human, Cobot, Camera and Compute in
work environment

There will an exploratory study of the fields of CV and HRI, followed by the
development of an intelligent system prototype to detect the presence of an human
operator, to influence task behaviour. Initially the goal is to send a safety signal
(such as a stop or slow-down signal). If more time is available, more extensive
interactions will be explored. The initial sensing will be centered on raw vision

1



2 introduction

using data through depth enriched video feeds, from a RGB-d depth camera, in our
case an Intel realsense D431i (detailed in full in Chapter 4).

Figure 1.2: Final System Tree Design for cobot setup

We can see from the final system tree overview analysis (Figure 1.2) that the main
areas of focus for the prototype are Perception and Sensitivity. This diagram is pre-
sented here to give a brief overview on the intended design, with the approach that
lead to this point being explored further in Chapter 4.
Perception will be used for detecting human intent: 3D camera/pose/motion track-
ing (which could be used for intention analysis and predictive responses from the
robot (Colley et al. [2020])), and from the sensitivity perspective, establishing feed-
back between robot and human (specifically robot ← human (vision, sensors etc)).
A more detailed analysis of both the overview and system tree will be done in the
respective approach sections of the following 3 chapters.

This prototype, along with the demos devised to test it, pertain to the main de-
vised research question (1.4), that will be refined by the end of this chapter (in
Section 1.3 and Section 1.4), this thesis focuses on using computer vision based
models for triggering the Cobot reactions. The motivations for this choice, and fur-
ther development of this topic will be reviewed in the next two chapters.

1.2 context
After the automation revolution in the manufacturing world in the 1970s, the man-
ufacturing industry is experiencing a new technological wave - known as Industry
4.0 (Ludwig et al. [2018]).

Industry 4.0 roughly encompasses all the recent digital technological advances,
that of smart data pipelines, IoT, and the increasing use of smart Automation and
AI techniques into production and manufacturing systems.

Simultaneously, societal changes have led to an aging population (and workforce)
in Developed Economies, and an increasing trend in automation by substituting
human labour, initially in mechanical work, but increasingly for creative endeavors
(BCG Group [2015]).

With these new paradigms, the future of work is being redefined, and questions
such as what jobs will disappear, how will jobs profiles evolve, and others must
come to the fore (Figure 1.3).

From the manufacturers’ standpoint, the adoption of these new technologies is
paramount for growth and productivity, but there are concerns in the literature on
the automation approach first introduced in the 1970s, which tended towards the



1.3 broader problem 3

Figure 1.3: Digital Influence in Workforce (BCG Group [2015])

complete replacement of human labour from assembly and production (BCG Group
[2015]).

Meanwhile, robot assisted production is predicted to become the largest compo-
nent on how an industrial worker will do their job, creating new job families while
making others obsolete.

This presents a few possible scenarios for the future of human work and the
extent of robots and humans in labour (Ittermann and Niehaus [2018]):

• ”Robots take over” - a complete substitution of human labour by automated
solutions

• The ”Operator 4.0”, where the integration and focus of the tech-augmented
human worker (Romero et al. [2016]), ends with Human-centered organiza-
tion of factories and work

• ”Winners and Losers” - a polarized scenario where ”middle layer” sections of
work, such as administrative tasks, etc are automated, and both simple work
and highly qualified would remain to humans

• ”No boundaries” - complete flexibility and modularity, leading to decentral-
ization of the classical patterns of work, that of the fixed hierarchical organi-
zation and management structures, becoming time and location independent

Given these options, the role of research for the future of work relies on develop-
ing towards the optimistic ”Operator 4.0” scenario.

This ”stronger human factor” research leads us to ”human-automation symbio-
sis work systems”, that leverage both intelligent machines as well as human intelli-
gence.

Most literature in this topic concerns new technologies in industry 4.0 (BCG Group
[2015]; Inagaki et al. [2003]; Dalenogare et al. [2018]). There are also studies focused
specifically on the human factor (Gorecky et al. [2014]), but hybrid human-robot
systems are not very prevalent yet.

A first premise of this research leads us to the pretext that, as more hybrid
human-robot systems come into the work space, HRI (Human Robot Interaction)
and Co-Production are increasingly relevant for developing the future of work.

1.3 broader problem
Summarizing the previous sections, the manufacturing industry is at a crossroads.
The envisioned ”Industry 4.0” paradigm will depend on humans working along-
side intelligent machines and robots in factories, and explores the introduction of
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new technologies like Cobots (collaborative robots), Augmented and Virtual Reality,
but also Artificial Intelligence into the production floor (BCG Group [2015], Lud-
wig et al. [2018]), advocating for a stronger human factor within the “Industry 4.0”
manufacturing environment.

As such, new interactions, methods and tools are needed in order to be able
to design the “future of work” for production workers, one that will involve fur-
ther human-intelligent system integration, in which technology helps to enhance
the physical, sensing and cognitive capabilities of the worker; and the collabora-
tion levels that this can enable, specifically for designing and analyzing systems
for the Human-Robot Interactions needed for production systems and their related
tasks (Figure 1.4). Currently, most literature concerns the new technologies used in
industry 4.0 (Wang et al. [2019a], Wilhelm et al. [2016])

Figure 1.4: Proposed cooperation levels in Cobot-Human tasks (Bauer et al. [2016])

One of these research directions is the effective combination of an autonomous
robot and the human worker, which together form what we interpret as a “human-
hybrid system”. This can be be split into problems such as task allocation, in
which, for example, the ”Sharing and trading of control” approach considers dif-
ferent levels of automation and determines the appropriate level of the production
environment depending on the task at hand between the robot and the human user
(Sheridan [2016] and Inagaki et al. [2003]).

These themes also relate to the dutch AI research agenda (van den Bosch et al.
[2019]), where the aim is for humans and AI to cooperate, leveraging complemen-
tary strengths, and where each agent focuses on the tasks they are optimally suited
for. This agenda encompasses a few major research question fields - How do we
create an AI system, such that:

RQ-1. Humans and Robots interact and understand each other’s behavior in context?

RQ-2. The human trusts the autonomous system?

RQ-3. Enables task sharing between hybrid human-robot teams?

For this collaboration and coordination with humans, the AI system needs to
observe and understand, to some degree, human behaviour (and also explain itself
so that humans understand it).

For example, as a system, how can it capture and reason about the human state,
such as interaction behaviour? How to design systems such that these hybrid teams
behave as desired, such that the operator can ”trust” the system, engage it safely
and vice versa? There is a growing sentiment in literature that hybrid human-and-
AI teams can develop solutions that neither single human, nor AI-only teams can
achieve. This research direction leads to how this future of hybrid AI-human work
can be developed.
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Figure 1.5: Different Safety Aspects involved in Cobot workflows according to ISO15066,
(Malik and Bilberg [2019b])

1.4 scope and contributions
From the initial breadth of the previous research questions, we must come to the
key areas of focus for this thesis research.

This thesis will focus on the robot perspective in HRI. More precisely, it will focus
on all the CV based techniques that can make a Human-Cobot system feasible. In
this context, a Cobot is a class of robots geared around direct human-robot inter-
action within a shared space, or where humans and robots are in close proximity
(Colgate et al. [1996]). Cobot applications contrast with traditional industrial robot
applications in which robots are isolated from human contact (IFR [2018]).

From this frame, the initial research question 1 (1.3), will be refined into:

RRQ-1. How can we create a Vision based system such that a Cobot (collaborative
robot) can react to a human within its environment?

This will be this thesis’ key research focus. A literature study and a state of the art
of deep Neural network based vision techniques geared towards human awareness
will be presented, as well as a brief field history and fundamental background
needed for the further analyses. The main research question (Section 1.4) will also
be the key goal of the thesis prototype, to test the efficacy of a vision based system
for human perception and reaction from a Cobot.

Research questions 2 and 3 (1.3), pertaining more to the human-robot trust dy-
namics will only be touched upon in regards to the corresponding literature, pre-
sented mainly in the first 4 sections of Chapter 3, together with HRI’s state of the art
and background, finally motivating why the chosen vision-led approach is valid.

Furthermore, an implementation design is presented (available through the 4TU
repositories), for a system that uses pure vision for developing early stage human-
awareness. Both the design process, as well as the implementation and results are
presented, together with qualitative and quantitative benchmarks.

1.5 concrete problem
By reframing the broader overview, there are two main sides to answering these
research questions. The human perspective, in which the operator needs to be aware
of and interact productively with the robot; and the robot perspective, where it needs
to be aware of the human, and be able to engage intelligently to both the operator
and the production context (Figure 1.4). There are different trends in the market on
the level of cooperation (Figure 1.6), and it can be seen that these hybrid-scenarios
are still in their infancy.
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Figure 1.6: Conceptual framework for ”stages” in HRC, and industrial robotics market pen-
etration as of 2016 (Stäubli [2016])

From the main research question (Section 1.4 ), we will explore recent advances
in the field of computer vision (Hafiz and Bhat [2020] and Sultana et al. [2020]),
more specifically advances in the use of deep learning for Computer Vision tasks,
that have allowed more advanced tracking algorithms to be deployed in produc-
tion systems, from detecting the location/gait of the human, to recent advances in
inducing intent/trust from such vision feeds, and approaches leading to helping
the awareness of the human by the Cobot system ( Colley et al. [2021], Avelino et al.
[2021], Widder et al. [2021] and Esterwood et al. [2021]).

The initial awareness goal is centered on safety (Figure 1.5), having the Cobot

receiving signals pertaining to the awareness of the human, and it influencing a
real task ( Safety stopping/slowdown, etc).

Further on, more complex interactions will be explored both through literature
review (Chapter 3), as well as in the prototype development process (Chapter 4).

1.6 thesis overview
Beyond this chapter, Chapter 1, which presented the goals, broader problem con-
text and motivations for the intended research question and project, as well as the
contributions herein, a brief overview of the full thesis can be given. After this
introduction, Chapter 2 introduces CV, the sub-domains that are most relevant to
this research, background into previous solutions and their weaknesses, leading to-
wards the Deep Learning (DL) based solutions implemented herein, why they work,
the state of the art techniques and datasets, as well as how they can be evaluated.
Following this, Chapter 3 introduces the domain of HRI, provides a literature back-
ground into general approaches to modelling human focused interaction. It then
provides a literature review of methods for HRI, both vision and non-vision based,
ending with a discussion on the approach/simplifications used for the research
project. Given this base foundation, Chapter 4 gives the general outline of the de-
signed system, further delving into each system component’s details in the later sec-
tions, while briefly underlying the process taken, ending in the final implemented
system. Then, Chapter 5 presents both qualitative and quantitative results for the
implemented system, as well as a critical analysis of this data. Finally, Chapter 6

explores the main weaknesses of the system, its suitability given the final research
question, and avenues for further work.



2 V I S I O N ; B A C KG R O U N D, R E L AT E D
W O R K A N D S TAT E O F T H E A R T

Vision is arguably the most important component of the designed system. In the
following sections, an in-depth review of the suitability of this field for the prob-
lems stated in Chapter 1 will be presented, together with all the necessary domain
knowledge and literature research for enabling the system.

2.1 why vision?

In Chapter 1, one of the main research questions introduced was the problem of
operator awareness in a robotic system. There are different modalities that could
achieve this, from sensor networks and IoT, to sound processing or through com-
puter vision, among others.

This thesis focuses especially on vision, because CV is a rich data source for in-
tent tracking (Colley et al. [2021]), but also due to promising recent advances in
the field of Machine Learning (ML)-based algorithms which have lead to increased
solveability of CV problems, both in cost and performance, of a large set of related
sub-problems deemed previously unpractical, specifically in the field of Human
Pose Estimation (HPE) (Zheng et al. [2021]).

Modelling human feedback for robotic design (Noceti et al. [2020]) has been a goal
of robotics design from the beginning of the field, and there is a significant section of
researchers dealing with the problem through inferring human awareness through
computer vision, with this approach having had promising results in recent years
(Zheng et al. [2021]).

While this approach still presents significant challenges, such as robustness, insuf-
ficient training data, depth ambiguities, this thesis will justify why this approach
should be considered and can be implemented in such a cobot system.

From the previous points, a postulate is devised: for our problem and main
research question (Section 1.4), a vision led approach can build an effective system
for inferring operator intent, and react accordingly during a task.

2.1.1 Vision vs Other Sensing Modalities

One of the main questions one may ask is ”is vision alone sufficient for building
a reactive system to humans”, and ”what other methods of perception are used
in the field, and how does pure vision compare to this?”. Pure vision’s main
disadvantage is the inherent difficulty in inferring a 3D scene from purely a 2D
input (Kopf et al. [2021]; Casser et al. [2019]).

There are also other approaches for human awareness that are not vision-based.
Some of these are explored in Chapter 3. An example of other sensing modalities
for this problem would be for example LIDAR - which constructs accurate high
definition 3D maps of the environment. However these sensors are far more ex-
pensive and the solutions derived from these are therefore less scalable. Again the
main challenge with pure vision is getting well structured 3D information and this
is something LIDAR excels at.

7
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Figure 2.1: Perception Setup Approaches

One can see a range of vision setup solutions, both in terms of complexity and
cost (Figure 2.1). This will be further developed in Section 4.4, but the initial premise
is that pure lower dimensional vision feeds (with added vision-based depth estima-
tion) are sufficient for 3D human estimation. We can begin by defining the fields
within CV that will be explored.

2.2 background

2.2.1 Problem Domain

There are a few sub-fields within Computer Vision which are specially relevant for
the task of human awareness and our research question (1.4). First, we would need
to track the presence of the human throughout the frame. There are several vision
sub-fields relevant to this, with different complexities in the ”tracking”.

Object Detection (Figure 2.3a) focuses on providing both the ”class” of objects
(this includes, but is not limited to humans) within an image and their location
through bounding boxes (the part of the image the object is located in) or centroid-
s/features (tracking specific landmarks of an object) (Figure 2.2).

(a) Box: center
(
bx , by

)
, height bh and width bw (b) Reference points

(
l1x , l1y

)
, . . . ,

(
lnx , lny

)
Figure 2.2: Bounding box and feature representations (Amidi and Amidi [2020])
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Semantic Segmentation predicts labels for each image pixel so that each one is
labelled to a ”class”, depending on the object or region enclosing the given pixel.
Thus these algorithms will split a given image into ”semantic sections” (Figure 2.3b).

Building up on these previous sub-fields, Instance Segmentation is an enhance-
ment which attempts to provide unique labels for separate instances of objects be-
longing to the same object class in the given image (i.e. person 1, person 2, etc).
Panoptic Segmentation mixes the previous two sub-fields together (finding a solu-
tions to both object detection and semantic segmentation while doing so, i.e. a se-
mantically segmented image with individual segments for different instances of the
same object class) (Hafiz and Bhat [2020]). Another enhancement, Part-Based Seg-
mentation decomposes each segmented object into its respective sub-components
i.e., a person into head, torso, etc.

(a) Object Detection (b) Segmentation

Figure 2.3: Relevant Sub-fields of Computer Vision (CV)

Closing in our specific problem, Pose Estimation (Figure 2.4) blends all these
fundamental building blocks, to predict and track the location of a person or object
through the localization of main keypoints in either images or videos. It may
also be used for determining the position and orientation of a camera relative to a
given person or object (Gong et al. [2016]). These keypoints depend on the target
object/person. For humans, they usually represent major joints like the knee.

Figure 2.4: 2D Human Pose Estimation

Pose estimation is mainly divided into two major domains - 2D pose estimation
(keypoint location given relative to the 2D frame), and 3D pose estimation (provides
not only 2D localization information, but also an additional dimension of depth),
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this allows for actual spatial positioning of a depicted person or object, end to
end. Objects are mostly rigid. Predicting the position of these objects is known as
rigid pose estimation. By focusing these on Humans, we come to HPE. Humans
belong to the category of objects that are flexible i.e. when the body ”deforms”, the
keypoints will be in different positions relative to before. As an addendum, there
is a distinction between detecting one (single pose estimation) or multiple objects
(multi pose estimation). Additionally, we may also encounter Head Pose Estimation
where facial landmarks are used to obtain the 3D orientation of a human head with
respect to the camera. Next, a brief field overview and history will be given.

2.2.2 Field Overview and Advent of Deep Learning

Figure 2.5: SIFT example

Initially, most techniques involved in these problems
were based on feature representation and detection in
images (where a feature is an identifying component of
an object i.e. corners or edges).

These techniques would focus on detecting and track-
ing these features in given frames, using local descrip-
tors (descriptions of the visual features that identify key
characteristics of a feature - shape, color, etc).

From these, the most relevant approaches would start
from either Scale Invariant Feature Transform (SIFT) (Lowe [1999], Figure 2.5) or
Histograms of Oriented Gradients (HOG) (Dalal and Triggs [2005], Figure 2.6), which
detect and track features through image processing based algorithms. These meth-
ods try to make the methods invariant to scene/capture configurations, so that
detection is independent from the context.

Figure 2.6: Stages in Histograms of Oriented Gradients (HOG) based Human Detection

From these descriptors, an higher level semantic representation can be assembled,
by constructing spatial arrangements that allow the parameterization of angles and
joint positions as vectors, using techniques such as Bag of Visual Words (BOV) (Sivic
and Zisserman [2003], Figure 2.7), in which a text retrieval inspired approach (sim-
ilar to search query optimization in search engines) is used, where documents are
parsed into distinguishing words, which are then used to represent that particular
document by a vector with components ordered by the frequency of occurrence of
these words and their ”contribution importance” to the query.

A particular text query is then retrieved by computing its vector of word frequen-
cies and returning the documents with the closest (measured by angles) vectors. BOV

matches pre-computed descriptors (using vector quantization of descriptor vectors
as a visual analogy of a word instead), to an object detection description, through
inverted file systems (with a structure similar to the indexing process of chapters in
an ideal book index page, where essentially every object is connected to a Bag-of-
Words description of that same object), with document rankings, or using the Fisher
Kernel (FK) (Perronnin et al. [2010]) - an extension to BOV going beyond using just
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Figure 2.7: Stages in Bag of Visual Words (BOV) for Sign Detection

basic count statistics for the image descriptor quantization.

Other, more spatial approaches were also used, in which an object was repre-
sented by a collection of ”parts” arranged in a deformable configuration e.g. Picto-
rial Structures (Felzenszwalb and Huttenlocher [2005], Figure 2.8a ) and deformable
part models (Yang and Ramanan [2013], Figure 2.8b).

The main problems with these approaches was the need for specific, extensive
tuning from domain experts to get useful results, and bad generalization perfor-
mance. A more in-depth review of these classic methods can be found in Gong
et al. [2016].

(a) Pictorial Structures (b) Deformable Part Models

Figure 2.8: Classical Model Abstractions for Human Pose Estimation (HPE)

In 2012, advances in GPU performance and cost, together with advances in ma-
chine learning and Neural Networks (NNs), brought the introduction of deep learn-
ing to computer vision, starting with AlexNet (Krizhevsky et al. [2012]).

These methods removed the need for domain experts to break down visual recog-
nition into local descriptors, and allowed for more end-to-end solutions, on which
large NNs architectures, tuned to work well with visual inputs, were trained on large
labelled datasets (in the previous case, ImageNet).

These methods (mainly Convolutional Neural Networks (CNNs), and more lately
transformers) not only simplified the algorithms in use, but they also provided far
more flexibility of techniques, higher performance, and more conventional path-
ways for performance improvement (Zheng et al. [2021]). Moreover, further de-
velopments have led to increasingly large parts of these structures being left to
optimization, providing a promising pipeline for future improvements - due to the
inherent differentiability of ML models, something which will be explored further
in the next section.
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2.2.3 Neural Networks

As mentioned previously, the normal approach of decomposition (breaking prob-
lems down into sub-problems, creating algorithms for those and then stacking these
together to solve the general ones) to tackle a challenge is not always the best ap-
proach. This classical methodology has proven rather ineffective in some domains
that are of great current interest, such as problems pertaining to recognition (ma-
chine translation, natural language processing & speech recognition,etc.) and in our
particular case - Computer Vision (CV).

This is where Machine Learning (ML) comes in. It is a different approach to prob-
lem solving, where the focus is instead placed on data and optimization. Within
the field of ML, we have the concept of Supervised Learning (Russell and Norvig
[2009]), the task of learning a function that maps an input to an output based on
input-output examples. This is the core principle of the paradigm that allows Neu-
ral Networks (NNs) to solve problems.

NNs are a class of bio-mimetic algorithms that try to tackle this task. The ”vanilla”
Artifial NNs (a.k.a. multilayer perceptrons), first introduced by McCulloch and Pitts
[1943], are based on mathematical models of the behaviour of neurons in the brain.
They can be seen as an adaptation of the spiking neuron model in biological neuron
networks (Gerstner and Kistler [2002]), where certain neurons spiking trigger other
”related” neurons to also fire, as seen in Figure 2.9b.

(a) Motor and Parietal Cortex, by Greg Dunn (b) Membrane spike potential, train

Figure 2.9: The brain and its modelled behaviour

As seen in Figure 2.10, these models consist of a network of interconnected ”neu-
rons”, which can be seen as entities/functions which provide a number - called its
activation - (between 0 and 1), given inputs.

A layer is a set of neurons in the NNs hierarchical structure (the number of neurons
in a layer is termed width). Layers besides the Input-Output (IO) layers (at both
ends of the network) are called the hidden layers (the number of these layers in a
network is termed depth). The exact meaning of these neuron activations, both on
the IO layers and the hidden ones, depends on the network architecture, design and
application. Generally, the activations of one layer will determine the activations of
the next layer.

The information processing mechanism through which the network encodes in-
formation is encoded in how the activations of one layer lead to the activations of
the ”next” layer.

This encoding of information happens through the weights associated with the
connections leading to a particular neuron. These weights are numerical values
associated with the ”connections” between a neuron and the neurons of the ”pre-
vious” layer. A neuron’s activation value is the scaled weighted sum of all of the
connection weights associated with that neuron and the activation of the neurons
from the previous layer on the other end of these connections. Since we want the
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Figure 2.10: Classical Feed Forward Neural Network (FFNN) structure (Amidi and Amidi
[2020])

activations in the range of (0-1), we also need activation functions, that will map the
weighted sum result into our specified range (the activation functions are doing the
scaling). Another parameter we might tweak is how ”sensitive” a neuron’s activa-
tion is to its weighted sum value, so we also have a bias, which is subtracted to the
weighted sum before the result is scaled by the activation function.

By summarizing all of this information, a ”forward pass” can be encoded as a
simple succession of multiply and add matrix operations, to which we apply the
non linear activation function at each step, from the input to the output layer. By
denoting i the ith layer of the network and j the jth hidden neuron of the layer, we
have:

z[i]j = σ(w[i]T
j x + b[i]j ) (2.1)

Where σ denotes the activation function, w denotes the weight matrix, that stores
all the weights in the network, b denoting the bias term, z denoting the succeeding
layer activations and x the preceding one.

These neurons, and their interconnections provide the parameters that can be
optimized to train a network, i.e. figuring out the valid values for the weights and
biases such that the input-output mapping to input queries provides a solution to
our problem. As such, the whole network models a function mapping its inputs
into particular outputs.

Intuitively, the layered structure of the network would replicate the ”breaking
down” process of solving a problem, in which the earlier layers would, after train-
ing, encode information allowing for, taking the example of image recognition, de-
tection of the initial features (edges and features), and the latter layers, encoding
the detection of more complex structures and objects based on these primitives. A
”forward pass” would progressively extract higher-level features (Figure 2.11) from
the raw input until the final output result, the ”inference”.

Figure 2.11: Abstraction levels in layers, from input images to high level features (Sze [2020])

These activation functions can be any desired function, and the performance
of the network will depend on their choice. A core principle to note is that for
any IO mapping there is an optimal set of activation functions such that the neural
network contains the lowest amount of adaptable parameters to obtain a particular
cost function value (a metric which can then be used, together with a learning
method, to optimize the function).

Table 2.1 summarizes some often used Activation functions.
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Sigmoid Tanh ReLU Leaky ReLU

g(z) = 1
1+e−z g(z) = ez−e−z

ez+e−z g(z) = max(0, z)
g(z) = max(εz, z)

with ε� 1

Table 2.1: Different Activation functions (Amidi and Amidi [2020])

Why do NNs work?

One might wonder, why do NNs themselves work? The mathematical proof un-
derlying them is given by the universal approximation theorem, which asserts that,
given appropriate weights, NNs can represent a wide variety of functions of interest
(Csáji [2001]). Stated formally (for the single layer Feed Forward (”vanilla”) artificial
NNs) by Cybenko [1989], we have:

Theorem 1. A feedforward neural net with at least one hidden layer with sigmoidal acti-
vation functions can approximate any continuous nonlinear function Rp → Rn arbitrarily
well on a compact set, provided that sufficient number of hidden neurons are available.

This principle can be generalized to arbitrary network architectures, depths, and
widths (Zhou [2020]).

Learning

Previously, the concept of Cost Function (aka loss function) was introduced. This
is how the network can ”learn”. When a new network is started, its parameters, the
weights and biases will start with random values. By taking the IO sample pairs
from our dataset, we can feed the input part to the network, and compute the cost
function from the difference between the computed output - the inference - and
the expected output for that input. By running this on the entire dataset, measures
such as the average cost of the network can be computed, which will provide a
measure of how ”bad” the network will be in the given task. A commonly used loss
function is the ”cross-correlation” entropy variety (Equation 2.2) (with z denoting
the activation output and y the expected output):

L(z, y) = −[y log(z) + (1− y) log(1− z)] (2.2)

The training process involves all the techniques and algorithms that find the min-
ima of this cost function. The overall concept is, given that the NNs approximate a
function, we try to find this cost function’s minima by iteratively taking ”steps” in
the ”direction” that decreases this loss function value. This ”direction” is encoded
mathematically by the negative gradient (∇) of our cost function, which is a vector
that will ”point”, for any point of our function towards the set of parameters that
will decrease its value. For a generic function f the gradient ∇ f : Rn → Rn is
defined at the point p = (x1, . . . , xn) in n -dimensional space as the vector exem-
plified to the left of the following equations, with its application to the generic loss
function (in relation to the network weights) on the right (Equation 2.3):
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∇ f (p) =


∂ f
∂x1

(p)
...

∂ f
∂xn

(p)

 ∂L(z, y)
∂w

=
∂L(z, y)

∂a
× ∂a

∂z
× ∂z

∂w
(2.3)

The algorithm which will compute this gradient (with the help of the chain rule
of derivation) efficiently is called backpropagation (Rumelhart et al. [1986], Algo-
rithm 2.1).

Algorithm 2.1: Backpropagation (w, α)
Input: w, α, training data
Output: w: the new network weights

1 while L(z, y) error has not stabilized do
2 Take batch of training data;
3 Compute forward propagation to obtain corresponding loss: L(z, y);
4 Backpropagate Loss to get gradients with respect to the weights:

∂L(z,y)
∂w ;

5 Update network weights by taking step in negative gradient:

w←− w− α
∂L(z,y)

∂w ;

The learning process in NNs consists then on the minimization of our cost func-
tion (Figure 2.12a). For this, it is important that the cost function is ”smooth”, so
that it is possible to find our local minima by our iterative step (the step size is
denoted by α - Figure 2.12b) process in the direction of the negative gradient. This
is known as gradient descent - a way to converge to the local minima of a cost
function (this is a first order method, but there are others that can be used).

(a) Idealized movement in Loss function values (b) Training results with different step sizes

Figure 2.12: Feed Forward Neural Network (FFNN) Training Process

This learning process is not trivial. NNs have generalization ability due to the
proposal that by reducing our cost function error, the NNs will encode an approx-
imation of the manifold of the input dataset. Getting a good approximation of
this data space is not easy (Figure 2.13) as, first the training dataset has to repre-
sent a statistically significant representative sample of the input data set, and the
training process must not lead to overfitting, where the manifold approximation is
too focused on the training dataset versus being able to handle more general inputs.
Network structure, activation functions, step size, and weight initialization will also
influence training results.
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(a) OK manifold approx. (b) Ideal loss metrics (c) Overfitted approx. (d) Overf. loss metrics

Figure 2.13: Overview of Learning Scenarios (Amidi and Amidi [2020])

2.2.4 Deep Learning and Modern Vision-Focused Network Structures

While NNs allow for a different paradigm in problem solving, and push efforts from
the previous approach of breaking down a task and building up a solution through
conventional algorithms (whether in a bottom-up or top-down manner), this type
of Bio-inspired design brings an entirely different set of considerations. What type
of neural network architecture is the most optimal (how many neurons are needed,
and how are they linked between layers)? What activation function must one use?
What should be the IO structure? What training algorithm should be used? And
how to test performance and manage the training set? Most of these questions will
not be directly explored in this thesis, except for small briefings of particular chosen
vision model architectures.

For the purposes of this exploration, it would be useful to clarify a few other
terms in the field. DL is a modern specialization of ML, focused on NNs with an
unbounded number of hidden layers of bounded size (width), Deep Neural Net-
works (DNNs), with the goal of optimizing practical creation, network optimization,
and inference (the process of computing an output for NNs) while still retaining the
theoretical underpinning stated in the Universal Approximation theorem for the
”vanilla” ANN. These layers can also be heterogeneous, and can deviate from the
biological models, for the sake of the previously stated goals.

Within Vision, the most relevant deep neural network architectures are what we
call CNNs and, in more recent research - Transformers.

(a) FC vs SC layers (b) Flattened image FC layer

Figure 2.14: Neural Networks (NNs) structures (Sze et al. [2017], Amidi and Amidi [2020])

This is mainly due to having to deal with high dimensional input data (im-
ages/videos). In a simple Feed Forward Neural Network (FFNN) the layers are
termed fully-connected (Figure 2.14a). This means that each neuron in a certain
layer has a connection (with its corresponding weight, etc) to every neuron of the
previous layer. This leads to problems when dealing with more advanced vision
task inputs, due to poor scalability related to the increasing number of parameters
that need to be estimated by the network (due to the input image having to be
”flattened” into input pixels which are assigned to a neuron, Figure 2.14b). There
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are other issues aswell, for instance how a FFNN architecture does not take into ac-
count the spatial manifold structure of the image inputs, i.e., it treats input pixels
which are far apart and close together on exactly the same footing. Spacial structure
must then instead be inferred through training. Given this, other (deep) network
architectures have prevailed in vision.

Convolutional Neural Networks (CNNs)

CNNs were developed (Lecun et al. [1998]) to take advantage of the spatial structure
inherent in image data, are faster to train and are particularly well-adapted for
image recognition tasks. CNNs have 3 major concepts underlying their design: local
receptive fields, shared weights, and pooling (Figure 2.15, Nielsen [2015]).

Figure 2.15: Summary of Convolutional Neural Networks (CNNs) structure (Amidi and
Amidi [2020])

Instead of connecting every pixel from the input layer to the first hidden layer,
only small, localized regions of the input image are connected. More precisely, each
neuron in the first hidden layer will be connected to a small region of the input
neurons, called the Local Receptive Field (LRF) for the hidden neuron. This can
be thought as a sliding window on the image. So, each hidden neuron ”learns
to analyze” its particular LRF. Each hidden neuron will also apply a convolution
(analogous to a weighted moving sum) operation on its inputs. Then this LRF can
be slid across the entire input image. For each LRF, there is a different hidden
neuron in the hidden layer.

Another important part is the shared weights and biases. All the hidden neurons
in that layer will have the same weights and biases. i.e., all the neurons detect
the same ”feature” just at a different location of the input image, making it well
adapted to translation invariance of features in images. The ”map” from the input
layer to the hidden layer is termed a feature map, with the shared weights and
bias of a feature map defining a ”kernel” of ”filter”. A complete convolutional
layer consists of several different feature maps. This kind of ”sliding window”
compressing structure with shared information is what reduces the parameter size
(Figure 2.16a).

(a) Convolutional layer (b) Max pooling layer

Figure 2.16: Convolutional and Max pooling steps (Amidi and Amidi [2020])
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Finally, we have Pooling layers. Usually used immediately after convolutional
layers, they simplify the information from the convolutional layer, resulting in con-
densed feature maps - e.g. max-pooling where, for each feature map, it outputs
a smaller one, using the maximum activation in a specific sub-region of the input
feature map (Figure 2.16b).

Transformers

More recently, due to the successes of the transformer architecture in the Natural
Language Processing (NLP) perception domain (Brown et al. [2020]), some research
(Ranftl et al. [2021]) has started into adapting these architectures for the backbone
of dense prediction vision tasks (pixel level labelling, e.g. semantic and instance
segmentation), instead of CNNs.

A brief description of a proposed Vision Transformer (ViT) ((Figure 2.17), Doso-
vitskiy et al. [2020]) will follow. Being one of the termed ”Self-attention-based”
architectures, transformers are usually ”pre-trained” on a large core dataset and
then fine-tuned on a smaller task-specific one.

Figure 2.17: Overview of Vision Transformer (ViT) Architecture (Dosovitskiy et al. [2020])

Transformers, in general, have two main components: An encoder, and a decoder
block. Inside these blocks we can find an (or a series of) attention and FFNN layers.
The self-attention layer helps the block look at other relevant ”words” in the input
as it encodes a specific word. In essence, in the encoder, the attention-mechanism
will, for every input ”word” take into account several other inputs at the same time
while deciding which ones are important by attributing different weights to those
inputs. The decoder will then take as input the encoded sentence and the weights
provided by the attention-mechanism (Luong et al. [2015]). In ViT ((Figure 2.17),
Dosovitskiy et al. [2020]), the ”head” FFNN (aka Multi-Layer Perceptron (MLP)) con-
verts the encoded sequence into a sequence of class detections and no decoder block
is used.

Loosely related to the operation mode of the previously mentioned (BOV) Sivic
and Zisserman [2003] method, a visual transformer network operates on a bag-of-
words representation of the image, with Image ”sections” taking the role of “words”,
being embedded individually into a feature space, i.e. , these ”words” being deep
feature descriptors extracted directly from the image. These embedded “words” can
be also termed as tokens. Transformers transform the set of obtained tokens using
sequential blocks of Multi-Headed Self-Attention (MHSA), which relate tokens with
each other in a manner analogous to the one previously mentioned for detecting
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patterns and relationships between features.

In the case of ViT, the image is split into fixed-size patches, which are then linearly
embedded together with position embeddings (thus encoding the visual structure
of the image in the network), with the resulting sequence of vectors then being
fed to a standard Transformer encoder. In order to perform classification, an extra
learnable “classification token” is added to the sequence.

At this point, there is enough information to analyse the structure/architecture
of the models that will be used, and general detail as to how they work. However,
to evaluate the performance of these models, and how they compare between them-
selves, a review of commonly used datasets and performance metrics for the tasks
mentioned in Section 2.2.1 is needed.

2.2.5 Performance Metrics, Indicators and Datasets

Datasets

To compare different networks on a particular domain, they need have equal start-
ing points. This is achieved through standardized datasets upon which all networks
can benchmark against. These datasets are curated for specific problems.

For general image tasks, we have ImageNet, a large-scale hierarchical annotated
image database for a lot of object detection and image classification tasks. In object
detection we also have PASCAL VOC.

Figure 2.18: ImageNet Dataset

For 2D HPE, there are two major datasets currently in use: COCO (Lin et al.
[2014]), for large-scale object detection, segmentation, key-point detection, and cap-
tioning; and MPII (Andriluka et al. [2014]), for HPE. Different datasets have slightly
different keypoint indexes/output formats. These vision tasks have brought the
need for new metrics for evaluating performance. A summary of the most relevant
for the project are as follows:

Metrics for Segmentation

There are two main performance domains for analyzing image segmentation prob-
lems, segmentation accuracy and segmentation efficiency. Segmentation accuracy
encompasses accurate localization and recognition of objects in images/frames, i.e.
large variety of detectable objects, and the ability for the algorithm to accurately and
consistently detect the same type of object, even given natural variations (recogniz-
ing humans of all kinds of traits). Segmentation efficiency refers to computational
intensity of the segmentation algorithm.
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Now, we will go over several common metrics, such that most of the literature
present for these vision tasks can be evaluated properly.

For image segmentation, there are the following performance metrics (Guerrero
[2015]):

Per-pixel classification:

performance =
correct classi f ied pixels
total number o f pixels

(2.4)

Per-class classification:

performance =
1
C

c

∑
i=1

number o f correct classi f ied pixels class i
total number o f pixels class i

(2.5)

Overlapping (Jaccard index):

performance (Intersection over the union) =
1
C

c

∑
i=1

TP
TP + FP + FN

(2.6)

TP -True Positive, FP - False Positive, FN - False Negative

Metrics for Object Detection

For object detection, most metrics are related to mean Average Precision (mAP),
which focuses on measuring the accuracy of an object detector. Two terms are
also important for this, precision measures the percentage of correct predictions.
Recall measures how well all the positives are found. These metrics are the used to
calculate Average Precision (AP) for the detection classes.

Precision = TP
TP+FP Recall = TP

TP+FN (2.7)

Intersection over Union (IoU) measures the overlap between 2 boundaries. That is
used to measure how much the predicted object boundary overlaps with the ground
truth boundary. Some datasets predefine an IoU threshold which classifies whether
the prediction is a true or a false positive.

AP computes the average precision value for recall values between 0 and 1 . In
literature, the following terms may also be found: APS which is AP of small objects,
APM (AP of medium objects), and APL (AP of large objects).

Metrics for HPE

Percentage of Correct Parts (PCP) [PCP@0.5] measures rate of limb detection. A
limb is ”detected” if the distance between the two predicted joint keypoint locations
and the true limb joint locations is ≤ 0.5× (limb length). There is also the PCPm
variation, which uses the mean ground-truth segment length over the entire dataset
instead.

Its main problem is that shorter limbs will be evaluated more harshly than longer
limbs.

Percentage of Correct Keypoints (PCK) [PCKh@0.5, PCK@0.2] measures the cor-
rectness of keypoint detection. A joint keypoint is considered correct if the distance
between the predicted and the true joint is within a certain threshold T ( PCKh@0.5,
T = 50% head bone link, PCK@0.2, T = ≤ 0.2× torso diameter).

Percentage of Detected Joints (PDJ) PDJ@0.2, measures the correctness of joint de-
tection. A detected joint is considered correct if the distance between the predicted
and the true joint is within a certain fraction of the torso diameter (0.2 for PDJ@0.2).
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For Object Keypoint Similarity (OKS) (metric used in the COCO dataset keypoints
challenge), its formula is as follows:

∑i exp
(
−d2

i /2s2k2
i
)

δ (vi > 0)
∑i δ (vi > 0)

(2.8)

Where di is the Euclidean distance between the detected keypoint and the ground
truth, vi is the visibility flag of the ground truth, with δ (impulse function) being
the function that outputs 1, given a detection flag vi if it is a labelled prediction
(v=0: not labelled, v=1: labelled but not visible, and v=2: labelled and visible). s is
the object scale, and ki is a keypoint constant (which controls falloff).

OKS is similar to IoU from object detection. Its calculated from the distance be-
tween predicted and ground truth keypoints normalized for the person’s scale.

2.3 state of the art vision models

2.3.1 Object Detection

Figure 2.19: Object Detection performance over COCO dataset (Average Precision (AP))
(Facebook-AI-Research [2021])

Object detectors (Figure 2.19) can be divided into two main categories (Jiao et al.
[2019]), one and two-stage detectors (Figure 2.20). A prominent example of a two-
stage detector is Faster Region Based Convolutional Neural Network (R-CNN) (Ren
et al. [2017]). For one-stage detectors, architectures such as YOLO (Redmon et al.
[2016]) and SSD (Liu et al. [2016]) are common.

In Figure 2.20, yellow cubes denote series of convolutional layers (block), while
blue cubes represent series of convolutional layers ( > 1)(thick cubes), or Region
of Interest (RoI) pooling layers which generate feature maps for objects of the same
size (flattened cubes). In a two-stage detector, a region proposal network feeds
region proposals to a classifier and a regressor, whilst a one-stage detector predicts
bounding boxes from input images directly.

The main difference between these approaches is that one-stage detectors are
optimized for high inference speeds (making them more suited for real-time tasks,
ergo our research case), while two stage detectors have the goal of high localization
and object recognition accuracy.
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Figure 2.20: One (a) vs two-stage (b) detectors (Jiao et al. [2019])

Usually the two-stage detector’s stages are connected through a RoI pooling layer.
As can be seen for the architecture model over the years, quite a few RCNN based
architectures have been presented over the years. Further detail will be given on the
particular models in use by the system in Section 4.4.

2.3.2 Segmentation

Figure 2.21: Segmentation Solutions performance (Intersection over Union (IoU)) over PAS-
CAL VOQ (Facebook-AI-Research [2021])
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There is a significant overlap between the network structures involved in segmenta-
tion (Figure 2.21), image classification and object detection. Notable Convolutional
Neural Network (CNN) based Segmentation models, use DNNs detector architectures
and then use features from the topmost CNN layer for object representation (Hafiz
and Bhat [2020]). These techniques generally have the problem of detecting and
segmenting objects at different scales (this is usually circumvented by applying the
models to a ”pyramid of images”, each at a different scale (He et al. [2015]) ). Other
problems that are common to these models include occlusion handling and image
degradation, which is why most of the used datasets only include high quality
images. One focal evaluation will be how well these models handle real world
data.

In general, the underlying trend has been the increasing depth of these networks.
Common CNN based segmentation techniques (Figure 2.22) include Mask R-CNN

(He et al. [2020]) (based on R-CNN object detector, where it extends Faster R-CNN by
adding a branch for predicting an object mask in parallel with the existing branch
for bounding box recognition). Inspired by the fast/faster R-CNN methods, the Fully
Convolutional Network (FCN) predicts segmentation masks next to box regression
and object classification.

Figure 2.22: Timeline of Main Segmentation approaches in literature (Hafiz and Bhat [2020]

MultiPath Networks (Zagoruyko et al. [2016]), build on the standard Fast R-CNN

with 3 improvements - ”skip connections” incorporation which allows the object
detector to access features of different network layers (thus creating a multipath
information flow across the network); added elements that exploit context of objects
at different resolutions, and the use of a loss function of integral nature. All of these
lead to improved localization of the instance segmentation masks (Hafiz and Bhat
[2020]).

There is also Deeplab (Chen et al. [2016]), which tackles semantic image seg-
mentation using three main techniques - Atrous convolution (convolution with up-
sampled filters) to incorporate larger context without increasing the number of pa-
rameters or the amount of computation, Atrous Spatial Pyramid Pooling (ASSP) to
robustly segment objects at multiple scales, and using a final fully connected CNN

layer which improves localization performance. More specific detail on the chosen
networks for the system will follow in Section 4.4.

2.3.3 Human Pose Estimation

Most explored solutions (Figure 2.23, & Figure 2.24) can be subdivided into two
architectural approaches - bottom-up and top-down (Munea et al. [2020]).

With a bottom-up approach, the model detects every instance of a particular
keypoint (e.g. all left hands) in a given image and then attempts to assemble groups
of keypoints into skeletons for distinct objects (first localizing semantic entities, and
then grouping them into person instances). A top-down approach is the inverse
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Figure 2.23: HPE performance over MPII dataset (Percentage of Correct Keypoints (PCK)
(Facebook-AI-Research [2021])

– the network first uses an object detector to draw a bounding box around each
instance of an object, and then estimates the keypoints within each cropped region
(each individual person instance is localized using a bounding box, followed by the
pose estimation the pose of each instance).

Figure 2.24: HPE performance over COCO dataset (Average Precision (AP)) (Facebook-AI-
Research [2021])

DL architectures suitable for HPE are based on variations of CNNs. As alluded to
previously, methods based on DL are able to learn powerful feature representations
with various abstraction levels from images, transferring the problem of feature
representation to the development of more performant network architectures and
more optimized training procedures.

DL models for pose estimation come in a few varieties related to the top-down and
bottom-up approaches discussed above. Most begin with an block that accepts an
image as input and extracts features using a series of narrowing convolution blocks.
What comes after this block depends on the method of pose estimation. The most
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conceptually simple method uses a regressor (variable in a regression model used
to predict a response variable) to output final predictions of each keypoint location.
The resulting model accepts an image as input and outputs (X, Y, and Z, in case
of 3D HPE, coordinates for each prediction keypoint). This normally requires more
improvements for usable results.

More recent approaches use Tranformer based models, an Encoder-Decoder (EC)
architecture. Instead of estimating keypoint coordinates directly, the encoder is fed
into a decoder, which creates heatmaps representing the likelihood that a keypoint
is found in a given region of an image.

During post-processing, the exact coordinates of a keypoint are found by select-
ing heatmap locations with the highest keypoint likelihood. In the case of multi-
pose estimation, a heatmap may contain multiple areas of high keypoint likelihood
(e.g.multiple right hands in an image). In these cases, additional post-processing is
required to assign each area to a specific object instance.

Top-down approaches also use EC architectures to output heatmaps, but they
contain an additional step, in which an object detection module is placed between
the encoder and decoder and is used to retrieve regions of an image likely to contain
an object. Keypoint heatmaps are then predicted individually for each box. Rather
than having a single heatmap containing the likely location of all left hands in an
image, a series of bounding boxes are retrieved that should each contain only a
single keypoint of each type. This approach makes it easy to assign keypoints to
specific instances without a lot of post-processing.

Commonly used architectures for HPE include Stacked-Hourglass networks (CNN

based), Mask-RCNNs, and EC networks (PersonLab / PoseNet and OpenPose).
Pure EC networks take an image as IO heatmaps for each keypoint. Mask-RCNN

predicts bounding boxes for objects in an image and then predicts poses within the
regions of the image enclosed in the bounding boxes.

Figure 2.25: Personlab instance segmentation and pose estimation examples (Papandreou
et al. [2018])

OpenPose and PersonLab (aka PoseNet) are variants of an EC architecture. In
addition to outputting heatmaps, the model also provides heatmap refinements in
the form of short, mid, and long-range offsets. Heatmaps identify regions of an
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image in which a keypoint is likely to be found, while offsets guide towards to a
more accurate final prediction within a region.

Convolutional pose machines build on the EC architectures by iteratively refining
heatmap predictions using additional network and feature extraction layers. The
final output is a single set of heatmaps, and post-processing involves identifying
the pixels whose heatmap probability is the highest for each keypoint.

A broad overview of 2D HPE methods over the years can be seen in Figure 2.24,
with a more in depth exploration of the used models in the Section 4.4 section.

2.4 vision overview
There are a few conclusions we must take from this review:

• Classical CV approaches pre-DL were not robust enough for applications in
real life scenarios without extensive ”tweak engineering”;

• DL allows for the development of models that achieve these tasks, with
higher performance metrics, given that the training process is exhaustive
enough;

• There are several models for CV tasks, however they tend to share common
architectures and components;

• These models have different focuses, whether more towards inference speed,
or towards precision. While both are relevant, inference speed is more relevant
for this project;

• New Transformer based models have better precision performance, but re-
quire higher amounts of compute, and are generally only available for lower
level stages of computer vision tasks, which makes them, for now, not a focus
for further development;

Given that Transformers are still in early stages of development, require more
resources to train and use and are still at early stages of validation, and classical
vision techniques under-perform compared to DL techniques, this project will use
mostly CNNs, due to their midpoint accuracy performance, and faster inference
speeds. This will be discussed further in Section 4.4 .
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B A C KG R O U N D, A N D R E L AT E D W O R K

Having explored the perception side of our problem, we need to develop the frame-
work within which this information can be used, both to extract useful information
for driving our interactions, as well as how these can be driven such that the system
can work optimally. This is within the domain of Human-Robot Interaction.

3.1 background
Coming back to Chapter 1, one of the main research questions introduced was the
problem of operator awareness in a robotic system (Section 1.4). The second com-
ponent of this research point is how can a robotic system react productively to a
human’s actions? Such a system needs to model human feedback for robotic de-
sign (Noceti et al. [2020]). We will specifically focus on inferring human awareness
through computer vision, a promising topic of HRI and CV research in recent years
(Zheng et al. [2021]).

Revisiting the postulate 1.4 - that a vision-led approach can build an effective sys-
tem for inferring operator intent, and react accordingly during a task; and referring
back to the problem context and setup (Figure 1.1), we will start with theoretical
underpinnings for HRI.

3.2 modelling human motion

Figure 3.1: Human motion Aware-
ness at beginning(a),
middle (b) and end
(c) stages of motion
(Johansson [1973a])

In a scenario where a robot is deeply embed-
ded in activities together with humans, the robot
will require perceptual and reactive skills, for
a seamless interaction with people. For under-
standing human partners (and be understood by
them (Sandini and Sciutti [2018])) the ability to
detect, represent and recognize human dynam-
ics to generate appropriate responses is essen-
tial - the task of understanding human motion.

In humans, action/perception is deeply related
to the parieto-premotor brain network, for both
action execution and during the perception of
those actions being performed by other agents.
Activations in this neuron system have been as-
sociated with action anticipation and comprehen-
sion (Rizzolatti and Sinigaglia [2010]).

Studies by Johansson [1973a]; Attention et al.
[2008] (Figure 3.1) explore this system of per-
ception and the different levels at which an ac-
tion can be represented, while introducing an
hierarchical model of action representation (Fig-
ure 3.3), where actions can be described:

27
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• at the muscular level—encoding (pattern of muscular activity);

• at the kinematic level—encoding (spatio-temporal properties of the motion of
the effector;

• at the level of goal—encoding (short-term aim of the action);

• at the level of intention—encoding (long-term purpose of the action)

However actions are sometimes ambiguous. Further studies (Amoruso et al.
[2016]; Cretu et al. [2019]) explore contextual effect on action comprehension and
helping with perceptual ambiguity and signaling which intentions are more likely
to drive upcoming actions (Figure 3.2).

Figure 3.2: Bottle Passing with different kinematic profiles given differing ”rudeness” (Di Ce-
sare et al. [2014])

Human actions are multifaceted, containing both internal contexts (i.e. personal-
ity traits or experience), and external contexts (i.e. environmental constraints, etc)
(Figure 3.3). Studying the way the Human Visual System (HVS) understands human
motion (Johansson [1973b]; Hemeren and Thill [2011]) can help with designing vi-
sion systems to also do this task. From this research, two categories of critical
visual features for biological motion perception can be distinguished: the global
features (action concepts and categories), and local features (pertaining to specific
movements).

Figure 3.3: Hierarchical model of action representation (a). Extended model taking into ac-
count Contextual Priors (b) (Noceti et al. [2020])
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3.2.1 Computational Motion Comprehension

Modeling and understanding human motion from visual data remains challeng-
ing, due to the variable dynamic information present in a visual scene, though DL

has provided significant improvements to previous approaches (Asadi-Aghbolaghi
et al. [2017]). Bio-mimetic approaches are a natural solution for devising computa-
tional perception models, referencing and being guided by neuroscience literature
and mechanisms underlying human motion perception, some of which were briefly
introduced in Section 3.2.

Figure 3.4: Three main Optical Flow Estimation Approaches in CV literature (Noceti et al.
[2020])

Analysing the first levels of motion analysis can be reframed into a detection
problem, with the aim to identify spatio-temporal image regions where the mo-
tion/object of interest is occurring. At its most abstract, such techniques include
optical flow (Fortun et al. [2015], Figure 3.4), a method to obtain salient low-level
motion information - an estimation of motion vectors in the image plane. These
fields show strong connections with the behavior of human brain areas involved in
the perception of motion.

Building on this, the ability to precisely identify when and where the motion is
occurring ”motor planning”, requires detecting and segmenting actions (Lea et al.
[2017]; Peng and Schmid [2016], Figure 3.5). These tasks are needed for automatic
motion recognition systems.(Peng and Schmid [2016]; Gkioxari and Malik [2015]).

Figure 3.5: Spatio-Temporal action instance segmentation and detection pipeline. From
video frames to human motion segmentation, ending in region proposal bound-
ing boxes where both RGB and optical flow frames serve as inputs to respective
appearance and motion-based detection networks (Noceti et al. [2020])
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Focusing further on object manipulation actions, contact and motion become
essential for encoding information about the actions themselves (Weinland et al.
[2011]). Contact encodes where the object is touched or grasped, and the interaction
duration. Motion conveys information on what part of the environment is involved
in the interaction and how it moves (Aksoy et al. [2011]). Technique frameworks
approaching this include imitation learning (Hussein et al. [2017]), in which robots
acting in less controlled work-spaces require effective mechanisms for learning how
to perform manipulation tasks (action observation and planning) using an attention
mechanism for detecting moving objects and then understanding their motion from
RGB-d sequences, by detecting actor-environment contact locations and time in-
tervals, and segmenting the objects’ motion while estimating their pose. Figure 3.6
demonstrates a possible system for action understanding from lower-level detection
primitives encoded in the Knowledge Technology (KT) dataset.

Figure 3.6: Actions from KT (Knowledge Technology) action Dataset, with depth buffers,
segmentation, skeleton and centroid primitive stages (Bartneck et al. [2009])

Moreover, such systems must continuously acquire and fine-tune knowledge over
time, what is termed as Continual learning, while not retrograding previous abili-
ties (Chen and Liu [2016]). Again, bio-mimetic approaches come into play here (Nel-
son [2000]; Willshaw and Von Der Malsburg [1976]), e.g. hierarchical arrangements
of variants of growing self-organizing networks (Marsland et al. [2002]). There are
two classes of note in growing networks: the Grow-When-Required (GWR) model (
(i.e., neurons are grown and removed) updated in response to a time-varying input
distribution), and Gamma-GWR, which extends the previous class with temporal
context for efficient learning of visual representations (as motion is a temporally
correlated input). The dynamic events considered can scope both short-term behav-
iors (such as daily life activities) and longer-term activities. However the former is
more relevant for our task of Human Robot Co-Production (HRC).

One last point of study in HRI literature is the analysis of movement expressiv-
ity (whole-body motor component of emotion expression) and of emotional intelli-
gence (Breazeal [2003]; Giraud et al. [2016]; Sherer [1984]). Also referred to as the
dynamic movement component in affect perception, in contrast to the static form
component (Kleinsmith and Bianchi-Berthouze [2013]). The main computational
goal of such studies (Piana et al. [2016]; Varni et al. [2010]) is to devise computa-
tional solutions to replicate, on a machine, a humans’ capacity for emotional aware-
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ness and response, while integrating that information in communication/interac-
tion. Movement expressivity analysis can span “sensing” human motion/emotion
(Elfaramawy et al. [2017]; Lambert et al. [2019], Figure 3.7), to datasets of human
expressive movements, or how such models can be employed in robotics scenarios.

Given all these priors, the correct development and deployment of models for
how robots can use their movements to interact with their human partners encom-
passes the last goal of HRI. An interaction is composed of two aspects: movement as
a form of communication (widely studied in the field of animation, Balit et al. [2018];
Bartneck et al. [2009]; Gray et al. [2010]), and movement as form of synchronization
(to establish effective and intentional coordination (Lorenz et al. [2011]).

Figure 3.7: Learning Network Architecture for emotional insight given Pose and Motion data
(Elfaramawy et al. [2017])

Communication is the ”director” in the action–reaction paradigm. Strategies can
depend on action and reaction expressed in the form of movements (gestures, nav-
igation) or behaviors (conversation and dialog). This can involve strategies that
measure the cognitive load on the partner, for opportune rhythm planning (Althaus
et al. [2004]; Ciolek and Kendon [1980]). The robot can also use the same perception
for its own skills, such as robot learning of manipulation tasks (Pairet et al. [2019])
and object grasp affordances (Ardon et al. [2019]).

Another important concept in robot motion is the enactivism concept (Varela
et al. [1991]), the assumption that cognition arises through a dynamic interaction
between an agent and the environment, so that changes in the dynamics of the
environment generate perturbations in the dynamics of the robotic agent. As a dy-
namical system, self-regulative behaviors of the agent are necessary to aim to com-
pensate environment perturbations and generate actions that react to these changes
in order to maintain balance, so such robot systems can be accepted into mixed hu-
man–robot environments, as is our goal. Applications of this methodology include
enactive robot assisted didactics (Mubin et al. [2013]; Tanaka et al. [2015]), where
there is close interaction between the teacher and the student, with the robot as-
suming the role of tutor that mediates in the enactive didactics process between the
student and the teacher, through nonverbal communication competencies based on
movement. Finally, timing is an important field of research in motion understand-
ing. Movement is characterized by several different parameters, in which timing
is a key aspect that has to be encoded in robot behavior. The timing of the robot
movement has a wide impact on the users’ satisfaction (Darling [2017]; Kidd and
Breazeal [2005]). Robotic movements can elicit a “priming” effect (impact that an
entity’s movement has on how the observer moves) (Kashi and Levy-Tzedek [2018];
Vannucci et al. [2019]).
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All the different aspects explored so far are important for designing the future
of human interaction, with the common goal of understanding humans, to build
machines that are proficient at interacting with us (Sciutti et al. [2018]).

3.3 human robot co-production

Previously mentioned in Chapter 1, HRC is a sub-field of HRI, specifically focused
on designing cooperative work scenarios between robots and humans. This is a
multifaceted issue, but there are some core aspects that are explored in literature.

One of the first problems is in how to allocate and divide tasks between humans
and robots (Figure 3.8). As such, the methods to solve task allocation (all tasks
assigned to an entity, enforcing all order and precedence requirements, as well as
workload balance), and function allocation (assigning a particular task/function to
an entity) need to be explored (Krüger et al. [2009]; Inagaki [2001]).

Figure 3.8: Overview of an Hierarchical Machine Learning Based Framework Structure for
HRC (Human Robot Collaboration) (Noceti et al. [2020])

Such methods include comparison allocation - Humans are Better at Machines
are Better at (HABA-MABA) approach, which assumes both humans and robots have
certain domains in which proficiency is natural, and allocation should be guided by
such a framework. We also have leftover allocation, which automates everything
that is possible, allocating the rest to humans.Other approaches focus more on the
cost benefit analysis between the task division. Finally, Sharing and trading of
control approach considers different possible levels of automation and, for a given
task, determines the appropriate level of automation. The literature also evaluates
these methods, and how they are deployed (OLDER et al. [1997]).

HRI literature, also explores the classification (Malik and Bilberg [2019a]; Wang
et al. [2019b]) of the amount of interaction between humans and robots, or how
attention can be used as a model for intention in HRC tasks (Eldardeer et al. [2020]).
This research project will not focus on task deployment/allocation, scheduling nor
on higher-level system task design, but rather on using vision for implementing
and controlling ”proto” interactions, with the objective of instituting a lower-level
software safety layer, demonstrating ways that CV can be used to enhance the in-
built safety features in Cobots, allowing for more flexible and adaptable software
systems that can track the human, which allows the design of interactions such that
more trust is placed on the automated components by the human operators (Widder
et al. [2021]; Colley et al. [2021]; Hancock [2011]). First we will review approaches
in literature for building HRI/HRC systems.
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3.4 alternative approaches to vision in hri

(a) IDGR Pelvis (Calibration and Compute unit) +
Foot Unit (Extra Sensing)

(b) HAVEP Smart Workwear, to keep track
of Human Posture

Figure 3.9: Sensor Suit System Examples (HAVEP Workwear [2020]; Singh et al. [2019b])

Human Awareness has not been exclusively the domain of vision in literature, there
are, of course, alternative approaches. One of the most common ones is the use of
wearables/sensor suits that keep track of the Human joint states, and communi-
cate through Internet of Things (IoT) platforms to the decision maker. An example
of such a system is Intention Detection and Gait Recognition (IDGR) (Singh et al.
[2019b], Figure 3.9a), which is a wearable system that mixes micro-controllers and
sensors for gait correction and gesture detection, in real time, with a focus on keep-
ing track of the user’s gait, and providing real time suggested adjustments. Other
related systems include Afzal [2015]; Redd and Bamberg [2012]. More commercial
products are also available in industry, such as HAVEP (HAVEP Workwear [2020],
Figure 3.9b)).

Figure 3.10: Example of wearable
fingertip haptic de-
vice (Musić et al.
[2019])

There are also non-vision systems designed specif-
ically for cooperative tasks. These tend to focus
on tracking the arms and hands, rather than gen-
eral posture or intent. For example, research done
by Musić et al. [2019] with the intent of allowing
tele-operation of multi-robot systems with free-
hand motions by the operator through the use
of wearable haptic devices (Figure 3.10) - devices
that are installed on the fingertips and provide
haptic feedback on them. Such a system was then
demonstrated on pick-and-place robot manipula-
tion task.
The common thread in all these approaches is the
predominant hardware system design issue. All
these systems tend to require the development/in-
tegration of several sensors and actuators, as well as the platform that integrates
them. This overhead introduces other problems besides hardware complexity, as
the increased number of components not only introduces error vectors, but also
requires the need for the solutions to fit different body types, while having a cali-
bration setup such that the designed systems still function within the performance
requirements.
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3.5 vision-based approaches

Vision however, remains mostly a software problem. Though there is some variance
in the types of vision-based perception setups (Figure 2.1), the main problem set is
in how to tackle all the previously mentioned Human Awareness tasks using solely
pixels/voxels.

Starting on the lower levels of the perception stack, we begin by noting research
into human tracking through Simultaneous Localization and Mapping (SLAM). SLAM

is an ubiquitous technique in robotics, used generally in mapping tasks, but it can
of course be focused in humans, and in the case of (Chau et al. [2019]), humans in
indoor environments. This is achieved through human pose coupled with acoustic
speech information, such that a microphone and camera equipped robot can track,
map, and interact with humans. In this case the sound components estimate the
Direction of Arrival (DoA) of active sound sources, which, together with human
pose, provide enough relative human positions. Both the human and the objects
that the human used during collaborative tasks are important for hybrid systems,
so real-time gazed object detection is also an important topic. Yuguchi et al. [2019]
(Figure 3.11) uses RGB-d inputs for this task.

Figure 3.11: Experimental Setup for Grasping and Transportation of Object to Goals denoted
with ”Boundary Marks”, with two robot Manipulators (Yuguchi et al. [2019])

In DL focused pipelines, research has also been developed on using this low-level
information for motion prediction, e.g. the MoGaze dataset (Kratzer et al. [2021]),
which is focused on full-body human manipulation tasks.
In a higher-level perception stage, accurate tracking is not sufficient, there is a need
for deriving higher level abstractions, such as intention and gesture prediction,
especially for cooperation tasks. There are several approaches to these, such as
BIL-SCNN (Zhang et al. [2019]), a CNN based network that outputs intention from
input -action visual sequences. There are also intention detectors based on the hu-
man gaze, who use an ”Attention” concept (Fuchs and Belardinelli [2021]). More on
the control aspect, Gestures are commonly used as inputs for robot systems. Kwan
et al. [2020] explores such systems for handling Human-to-Robot Handovers.
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(a) Collaborative Workplace Setup for
handovers (Lambrecht and Nimp-
sch [2019])

(b) Experiment Focused around wrists and relative local-
ization parameters extracted from the system (Duarte
et al. [2019])

Figure 3.12: ”Higher-Level” Collaborational HRI Interaction Research Examples

Integrating these sub-layers into specific common Human/robot workflows is, of
course the end-goal of all this research. Such research applications are explored in,
for example, by Lambrecht and Nimpsch [2019] (Figure 3.12a), where RGB-d inputs
are used for flexible integration of Robotic Handover assistance in tasks directed by
a human, or in Duarte et al. [2019] (Figure 3.12b), where human movements are
studied for learning correct approaches to handle handover operations from the
robot’s perspective. Another example is the work from Raina et al. [2019], where
vision is used as a control framework for a robot, through a path-planning and
execution framework. This can also be explored in an completely integrated ML ap-
proach, as in Singh et al. [2019a], where Visual Servoing (VS) - guiding robot motion
solely using visual feedback - is achieved with a Deep Reinforcement Learning (DRL)
architecture.

3.6 discussion and direction

In this chapter, the theoretical underpinnings of HRI systems were introduced, to-
gether with common approaches in literature, as well as specific uses of vision
for enabling Hybrid Human/Robot systems. As seen over this chapter, there are
different levels of ”Awareness” that can be achieved - from tracking to high-level
predictions. This thesis will focus on the early stages of awareness - detection and
pose tracking, and building a system that demonstrates that even the lower-level
perception stages are enough to drive proto-interactions, such as the safety cases
mentioned in Chapter 1. These interactions are fundamental-level type of interac-
tions in the sense that more complex processes can be built upon these simpler
ones. This lower-level approach comes from two main reasons, first, it allows more
focus on the perception problems - Tracking and Mapping visual feeds into a 3D
reference frame, but also due to the fact that higher level systems are more abstract,
and bring extra ambiguity, scheduling and task abstraction modelling problems.
This will be undercut, with the demo tasks being hard-coded, using vision inputs
and decision parameters from the perception nodes to parameterize their behaviour.

The first step for motion recognition (and later on human interaction) is human
awareness, and tracking of a human’s position over the frames (from which even-
tually motion techniques will be implemented, such as optical flow), together with
gesture and intent models being deployed on top of that, which together with per-
haps attention and emotional estimation components, will eventually feed into a
Task system scheduler and allocator to deploy an interactive system for human
robot cooperation.
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Again, this thesis project will focus on the initial stages of such an HRI pipeline,
utilizing the latest vision techniques for the initial stage of motion recognition, track-
ing people, objects and areas of interest across frames, and using these already to
show how basic ”proto-interactions” can be already devised from this early data,
specifically with enhancing the embedded Cobot safety triggers through software
based higher-level interactions, e.g. a predictive stop even before last moment ”col-
lision” trigger embedded in the cobot’s hardware. The higher levels of motion
recognition, such as intent, attention, etc, are left out of scope.

From the literature analysis, ”proto-interactions” already contain key elements
needed for the development of such HRC systems, and constitute a solid baseline
for further work, implementing higher-level perception, cognition and response
systems.

These demos will progressively use more complicated models, with safety stop
being the most simplistic one, using a 3D mapped human location to stop a robot
task, progressing into a more nuanced, accurate and developed human tracking
model, being used to influence the Cobot’s operation through the estimated human
position, ending with Constant 3D tracking, where the human pose is tracked in
real time, together with a mapping of this pose to the 3D environment.
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Having reviewed and discussed the fundamental building blocks needed for the
system introduced in Chapter 1, this chapter will now delve further in the system
design, chosen approach and implementation given this review.

4.1 fundamental precepts

As mentioned in Chapter 1 and Chapter 3, the system will be mainly focused
on vision and triggering robot behaviour in a given task. As such, task mod-
elling/scheduling and deployment will not be a focus of the project. These tasks
will be implemented as hard-coded demos, instead of a fully agnostic system with
a state manager/scheduler controlling task fulfillment.

Referring back to the initially proposed system (Figure 1.2) in Chapter 1, the soft-
ware architecture of such a system must integrate these different components into a
human reactive demo and establish a asynchronous networking interface, as certain
sub-components must run simultaneously and, with the entire system being (soft)
real-time, i.e. events should not deadlock the system, and its components should be
free to run asynchronously where needed.

In addition, this system takes a modular software architecture approach. There
are a few reasons for this:

• Separating the code into modules complicates communication overhead, but
also isolates the development of different modules, allowing for a more staged,
iterative process in the development of the individual modules

• By starting development at the communication interfaces, and locking this
at the beginning, the modules can be iterated while the general behavior of
the system is maintained. (a later stage improvement to a module will not
affect the whole system, as long as the communication interface’s behaviour
remains)

37
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• The separation of the code in software modules allows for the replacemen-
t/adaptability of these components further on, preventing the system being
locked to particular hardware.

• Under a fixed but modular structure, further pipeline improvements as well
as the addition of new nodes are more streamlined, especially if the commu-
nication structure remains fixed.

• If the communication interface is abstracted to the Operating System (OS)
level, the modules do not need to be developed in the same tooling/lan-
guage/environment, as long as the communication is structured agnostically.

This main weakness in this approach is in the added communication complexity,
and problem handling when the system is running asynchronously. How the im-
plemented interface deals with these problems will be discussed further on in this
chapter.

4.2 main system components
Introducing the demo setup again (idealized in Figure 1.1), there are a few main
hardware components:

• Intel Realsense D431i Depth Camera - the main perception input, provides
both RGB and depth frames, this particular camera choice will be explored in
Section 4.4.3;

• Universal Robots (UR5 cobot) - collaborative robot which will be controlled
through ethernet and the robodk python api;

• Intel NUC Computer - main computing device, ubuntu based system interfac-
ing all the modules during the demos.

• Razorcore External GPU enclosure with Nvidia Geforce GTX 1070, the sec-
ondary computing device, offloads NNs inference.
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4.3 software architecture

Figure 4.1: First Software Architecture Overview

Figure 4.1 presents an overview of the implemented software architecture. In Sec-
tion 4.4, these components will be explored individually, in greater detail, both in
their current version, as well as the previous iterations leading to it.

4.4 approach

Figure 4.2: Actual Workspace used in the demos

The actual robot workspace can be seen in Figure 4.2, while Figure 4.1 introduces
the software components. We start by describing the modular structure as well as
the environment it runs in.

4.4.1 Modular System Architecture

The software system is composed of a series of python scripts (with small C++
components, mainly for realsense camera dependencies). All the python modules
run inside a virtual environment, powered by pipenv. This is done so that the
software modules run in an isolated container from the Operating System (OS)
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(ubuntu 20.0 LTS), which will help keeping the dependencies on track and stopping
system updates from interfering with the modules’ functionality.

Communication Interface Development

Figure 4.3: ROS Modular Structure and
Communication

A common tool for developing systems
interfacing with hardware and robots is
Robot Operating System (ROS) (Figure 4.3 ,
Stanford Artificial Intelligence Laboratory
et al. [2018]). It assumes a modular node
structure and embeds both extensive mes-
saging functionality and other packages,
from interfacing with certain hardware, to
higher-level software Application Program-
ming Interfaces (APIs). However this is not
appropriate for our system, mainly due to
the fact that the ROS system interferes with virtual environments, and effectively
locks all python nodes to a single version (this is not useful for our system, as we
might want the python module controlling the robot to be a different version than
the one handling the NNs, for compability reasons. Additionally, the ROS robot con-
trol packages (Kavraki et al [2021], Coleman et al. [2014]) have compability issues
related with the UR5 Cobots firmware drivers, which makes ROS less suitable for
our use case.

The initial approach for connecting the software modules was to use the UNIX
networking pipeline, directly from python, with pipes and sockets. This was imple-
mented in the first demo prototype, and was functional, however it brought some
issues:

• using the core network features meant that the networking component would
have to be added to every module, explicitly, as well as passing information
between modules would always require custom built data serialization;

• pipe interfaces are not by default asynchronous, and handling exceptions or
errors would also be necessary;

• while sockets solve the asynchronicity problem somewhat, the development
overhead was still substantial, as well as problems involving data-passing or
serialization remained (e.g.image buffers, tensors, etc)

Given these initial experiments, a different, higher level approach was taken,
though one that would still be language/platform agnostic, uses the networking
stack, while providing a more convenient programming interface.

As such, the main communication system will instead be based on python, more
specifically through the Python Remote Objects (Pyro) library, which enables build-
ing applications in which objects can talk to each other over the network interface.
There are several reasons for focusing on a modular architecture. First, this struc-
ture provides extra flexibility of deployment (different cameras, cobots, etc). It also
allows the independent development of each software module so that working on
a particular aspect of the system has a minimal impact on the rest. Finally there
are clear advantages for future development, as detached modules are more easily
upgraded/swapped-out without requiring refactoring work. All of these advan-
tages come with the added asynchronicity, environment setup, and communication
overhead costs in regards to a centralized system, but with the help of the following
library, the trade-off makes sense in this particular case.
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Pyro4

Pyro builds on system Interprocess Communication (IPC) infrastructure, allowing
python application objects’ to communicate with each other/provide external access
to their methods over the networking interface. Pyro takes care of locating the right
object on the right computer to execute these methods. The project uses Pyro4 to
allow compability between all versions of python, allowing for modules to use both
versions 2.x and 3.x.

Pyro presents some key advantages:

• It can use the in-built python data structures and data serializers (serpent,
json, pickle, etc), discarding the need to create custom streaming/processing
code for IPC;

• It is inter-operable between heterogeneous system architectures and OSes, re-
lying only on the common networking interfaces;

• It is built on Agnostic Networking infrastructure - IPv4, IPv6 and Unix domain
socket;

• It is designed to handle asynchronicity with added time-outs and other func-
tionality for handling errors/corner-cases and setting up the right sequence
of corrective actions.

However for correct functionality, an environment needs to be setup to properly
enable the Pyro back-end to work as a communication glue library to easily inte-
grate various pars of a heterogeneous system. This enables a ”module” to call
methods on remote objects (even in remote machines), illustrated in Figure 4.4.

Figure 4.4: Accessing Remote Objects’ Methods Through Pyro

This remote access is enabled through system networking (socket based) inter-
faces. Upon starting a project, a Pyro daemon is initialized, which will keep track
of exposed function calls, intersect them in each module, and convey the requests
through the networking interface to the other modules, and then the response to the
correct caller. This emulates the Remote Procedure Calls paradigm in python. (sim-
ilarly to java’s Remote Procedure Invocation (RMI) APIs). For this to be achieved, ev-
ery Pyro object has a uniquely identifying Uniform Resource Identifier (URI), which
is registered by the daemon on a separate utility, that remains active throughout
the system, the Pyro name server. This utility keeps a registry accessible to all Pyro

daemons of all active (and accessible) registered objects.

Pyro4 project configuration

For the demo project, this nameserver is one of the main factors in the boot se-
quence (Figure 4.5). First, the python environment is launched, creating a python
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Figure 4.5: Example of Pyro system setup, where, inside the pipenv ”thesis–aW91AiQ” en-
vironment, a local system pyro nameserver is created (top image), and the robot
control script that, acessing that nameserver, ”exposes” the unique RobotControl
object to other pyro scripts.

container in the system, isolating possible dependencies that would interfere with
the system. Then a Pyro nameserver is created, allowing for any script running in
this environment to search for, identify and interact with active Pyro objects. For
the project, one of these scripts, RobotControl creates a class that is responsible for
interacting with the robot (of which only a single instance must exist at any given
time), and registers a Proxy of this object in the nameserver. After this, any proxy
enabled script can try to locate this object, if given the right proxy details. This can
also occur in other devices, through networking, but for now the system is imple-
mented on a single computing device (while still using the networking interfaces).
In the demo’s case, an example of such a system are the perception nodes, that need
to alter the robot’s behaviour given the vision data.

Currently the project runs with a single ”nameserver” module, running continu-
ously, and each functional model, (e.g.the robot control script) will ”expose” certain
methods to any running python program, that ”hooks” to this module using the
nameserver.

4.4.2 Robot Control and Proto-Interactions

To react to the perception input, we must control the Cobot in real-time. A Cobot is a
robot that is designed to work around humans. As such, it has embedded triggers
to stop in case it detects a collision (ostensibly with a human worker), as well as sev-
eral other inbuilt primitive features for HRC. They come in varying configurations,
from the more humanoid Baxter series, to the Cobot arms, such as the UR5, UR10
(Figure 4.6), or the Doosan M01013.

The demo project will use the UR5 CB2 Cobot arm. For this configuration, there
are a few options that were explored for robot control, with the final chosen option
being robodk. As alluded to previously, ROS (Figure 4.3 , Stanford Artificial Intel-
ligence Laboratory et al. [2018]) has embedded robot control packages (Kavraki et
al [2021], Coleman et al. [2014]). However these libraries have compability issues
related with the UR5 firmware driver used in the experimental demo setup, more
specifically, ROS enforces the use of certain ubuntu versions and python installa-
tions for the moveit module to be compatible with the UR5 CB2 firmware driver
(Polyscope version 3.5). This ROS driver (ur modern driver for ROS) would bring
extra complications to the compute configuration of the system, especially given
the additions in Section 4.4.3. As such this approach was sidelined.

Another control option was PythonURX, a python library designed to control the
UR5 Cobot using the networking stack through ethernet (as all the other interfacing
libraries do). While decent for robot control, PythonURX does not have extensive
simulation/visualization tools, which make system testing and monitoring more
complicated.
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Figure 4.6: Deployed RoboDK Setup on UR10 Cobot

robodk (CoRo Laboratory [2015], Figure 4.6) provides several advantages in re-
gards to the other options. First of all, it provides a powerful control interface, the
option of setting up virtual robot configurations for several robots with minimum
driver configuration, as well as several code APIs for real-time control. It also allows
for setting other environment variables, such as the coordinate frame (the frame of
reference that is used by the robot to interact with the world) and well as others
(such as switching the type of movement and its attributes in real time). All this
while providing a real-time visualization tool.

For the demo, a robodk ”workstation” was created, replicating the UR5 location
in the workbench, with the camera position and robot base as reference frames (the
full reasons for this will be further explained in Section 4.4.3).

Figure 4.7: UR5 robodk ”Station”, with Pre-Configured Coordinate Frames, for the Base,
Tool End-point and Camera Frames

The main python module interacting with the robodk python API is the Robot-
Control object. It is responsible for activating the robot (whether in simulation
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mode or real life mode), and providing triggers for the ”simulation tasks”. These
tasks are pre-implemented, but require an external module to activate, or interrupt
them. RobotControl then behaves as a high-level controller that handles all the
direct interfacing tasks, but leaves the high-level decisions on how to start/stop a
certain pre-built task to an external python script.

RobotControl runs in two implemented main modes : Simulation and Real-Life.
Simulation mode interacts with the robodk APIs and controls only the virtual robot
setup (shown in the robodk GUI (Figure 4.7)), while Real-Life mode does not only
that, but also translates the high level python code into Transmission Control Pro-
tocol (TCP) commands that the UR5 firmware can understand, controlling the robot
through the networking interface, with Internet Protocol (IP) through an ethernet
connection.

Given a fully setup workspace mimicking the workbench containing the real
robot, the following sections describe the implemented demos (mentioned previ-
ously in Chapter 3), together with the demo code structure.

Task 1: Safety Stop

Safety Stop is the simplest, most ”coarse-grained” interaction that can be imple-
mented. In the algorithm’s flow, for every received frame, for the selected human
bounding box, a ”mask” is applied to the depth buffer, giving a mean distance to
the detection. This value is then converted to the distance from the perspective
of the robot’s frame. If this value is less than 1.5 meters, the pyro robot proxy is
invoked, triggering a safety shutdown of the cobot.

Algorithm 4.1: Safety Stop (Robot IP, RS Pipeline)

1 RobotControl node
2 Input: stop sa f ety signal, Robot IP
3 Output: sa f ety signal remote callback

4 Connect to Robot through IP;
5 Expose Robot Control through Pyro Proxy;
6 while NOT received safety signal do
7 Trigger Painting Sequence;

8 Engage Robot Brakes;

9 Perception Node
10 Input: RGBd f rame, robot control proxy
11 Output: sa f ety stop signal

12 Connect to RS Pipeline;
13 while RGBd f rame is available do
14 Preprocess RGB frame;
15 Run model inference;
16 if person detected then
17 retrieve depth values at tensor predictions;
18 use bounding mask to get average distance to camera;
19 project from camera ref frame to robot base frame;
20 if person distance < 1.5m then
21 trigger safety stop signal in robot control proxy;
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Task 2: Safety Slowdown

Safety Slowdown builds on the previous demo by implementing a so called ”ani-
mation curve” (mentioned in Section 3.2.1), implementing a more ”reactive” proto-
interaction. In the algorithm’s flow, for every received frame, for the selected human
bounding box, a ”mask” is applied to the depth buffer, giving a mean distance to
the detection. This value is then converted to the distance from the perspective of
the robot’s frame. However, this value is not used for a thresholding operation, it
is instead mapped into a variable which is then used as a live-parameter to update
the state of RobotControl’s movements. The mapping curve choice as well as its
efficacy will be explored further in the results chapter (Section 5.5).

Algorithm 4.2: Safety Slowdown (w, α)

1 RobotControl node
2 Input: joint velocity, Robot IP
3 Output: ∅

4 Connect to Robot through IP;
5 Expose Robot Control through Pyro Proxy;
6 while TRUE do
7 Trigger Painting Sequence(joint velocity);

8 Perception Node
9 Input: RGBd f rame, robot control proxy

10 Output: joint velocity

11 Connect to RS Pipeline;
12 while RGBd f rame is available do
13 Preprocess RGB frame;
14 Run model inference;
15 if person detected then
16 retrieve depth values at tensor predictions;
17 use bounding mask to get average distance to camera;
18 project from camera ref frame to robot base frame;
19 Map computed distance to velocity;
20 trigger update joint velocity in robot proxy;

Task 3: Safety Track

Safety Track (Algorithm 4.3) is a slight variation on both Algorithm 4.1, and Algo-
rithm 4.2. Instead of using just the bounding box and segmentation masks, safety
track uses a keypoint’s tensor prediction allowing for these proto-interaction to re-
act to a specific 3D location of a sub-part of the human, e.g. the head or an hand.
Given a keypoint tensor 2D location, a small kernel around this location is used to
retrieve a depth value for this keypoint, at which point it can be converted to a 3D
point from the camera’s perspective. This reference frame is then converted into the
robot’s reference frame, so that there is a 3D mapping of a particular keypoint. As
such the only (major) change is in the inference stage:
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Algorithm 4.3: Safety Track (w, α)

1 ...

2 for instance detected (person) do
3 select operator in focus(1st by default);
4 retrieve depth values per tensor prediction keypoint;
5 deproject (tensor, depth) into 3D points;
6 select used keypoint;
7 project from camera ref frame to robot base frame;
8 Map computed distance to velocity;
9 trigger update joint velocity in robot proxy;

10 ...

Given these demo algorithm specifications, the next section approaches the selected
perception approach, to be able to realize the proposed demos.

4.4.3 Perception

Perception is the driver of the ”proto-reactions” introduced in Section 4.4.2. In
Chapter 3 the concept of ”awareness” was refocused on modelling human motion,
through initially tracking the human in the robot environment. There are two main
challenges in this task:

• Detecting a person from a camera feed

• Tracking that detection in the robot’s 3D environment

The perception approach will tackle these two challenges separately, and then
merge the results into a coherent ”map” of the environment and operator, to drive
the tasks that were embedded in RobotControl. This task has similarities with
Structure from motion (Ullman [1979]) from classic Computer Vision (CV), a tech-
nique which estimates three-dimensional structures from two-dimensional image
sequences.

Camera Setup and RGB-d frame Acquisition

As mentioned on Section 4.2, there is a single visual input for the perception stack
- an Intel Realsense D431i camera. This camera is what is termed a RGB-d sensor.
This is because it provides not only a RGB colour image frame, but also a ”depth”
frame, thus being a richer source of data than the classic monocular RBG camera.
It achieves this by integrating several sensors in one package, as seen in Figure 4.8.
This depth frame is obtained through the use of stereo techniques (mixing views
from two cameras in fixed positions to extract 3D information from 2D sources,
much like the HVS).

In this assembly (Figure 4.8), the Infra-Red (IR) projector is added to help handling
depth estimation when the realsense encounters low texture scenes, (large white
objects, etc), by covering such scenes with pattern of dots of IR light (this technique
is termed active stereoscopic depth sensing.

The reason this setup was chosen was influenced by two motives:

• Current State of the Art 3D-HPE models do not have matching accuracy to 2D
models, and require far more compute;

• Nevertheless, the depth frame given by these 3D models is only a relative z-
buffer (depth), so it also requires external calibration for location estimation.
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Figure 4.8: Realsense D431i camera assembly. Left to Right in image: R IR sensor, IR projec-
tor, L IR sensor, RGB sensor

Given this, merging a purely 2D pose together with a depth frame is a compelling
compromise. The realsense camera not only provides a cost efficient (Figure 2.1)
setup, but also APIs for the depth frame and comes pre-calibrated, simplifying the
process of relating the relative depth buffer into actual distance estimates. It pos-
sesses a wide angle of view, as well as being optimized for properly capturing
dynamic scenes and having very configurable capture parameters.

Figure 4.9: Depth Disparity Calculation
Schematic

To retrieve the depth buffer from the cam-
era, Stereoscopic Vision uses two view ports
(Figure 4.9) of the same scene, and calcu-
lates depth by tracking the same keypoints
across both left and right images and es-
timating the disparities (difference between
the coordinates in both images concerning
the same keypoint in the world) between
them (Longuet-Higgins [1981]). 1. An ex-
ample of an approach for this approach is
the naive Sum of Squared Differences (SSD)
block-matching algorithm (Li et al. [2009]),
which uses a statistical method to calculate
a mean disparity value around a certain area
around each ”pixel”. The default realsense
factory calibration is used. Any camera has
two parameters extrinsics and intrinsics. The intrinsinc parameters relate to to
fact that any real camera is not a perfect model of the ideal ”pinhole” camera. The
imperfections of the construction of a particular device are encoded in these. The
extrinsic parameters relate to the embedding of the vision system in the 3D en-
vironment. Any estimates are given from the camera reference frame, extrinsic
parameters allow the encoding of the data to another reference frame, for example
the world reference frame in question.

1 This projection transform of a 3D point on two image planes from the views and all the parameters of
the stereo imaging system, is termed epipolar geometry (Xu and Zhang [2013]) in CV literature
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Given the fixed position of the realsense given the robot frame, and the depth
information from the camera perspective, the demos can merge this information to
influence the ”proto-Interaction tasks”.

Realsense module

Given the previous information, the realsense module interacts with the realsense
camera through the pyrealsense python API. This module is encapsulated in an
object that opens the depth and RGB streams, aligns these into a single RGB-d
image, and stores these framesets. It also encapsulates the access to the camera
ex/intrinsics and provides a method that estimates the depth in meters from these
(this depth has a stated Z error of 2%, according to realsense (Intel Corporation
[2021]).

The depth frame does not need to be left unaltered. Due to its method’s inher-
ent noisiness, there are post-processing filters available that make a more tractable
depth buffer (Grunnet-Jepsen and Tong [2020], Figure 4.10). This will, of course
come with extra processing tradeoffs both in performance and resulting artifacts.

Figure 4.10: Depth filters, Left to Right: Raw depth buffer, spatial smoothing (hole-filling)
filters with different smoothing constraints, and both temporal and spatial filters
(Grunnet-Jepsen and Tong [2020])

Beyond the depth buffer, lib realsense also provides the deproject functionality,
for converting a 2D pixel location and a depth value (u, v, d) into a 3D point(x, y, z).
This is achieved through the camera intrinsic (pre-calibrated) and preset parameters
(s = depth scale, fx,y for horizontal and vertical focal lengths, and cx,y for the center
of projection).

 x
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z

 =
d
s


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fy

1

 (4.1)

This pointcloud conversion accuracy is harder to evaluate practically, but in a litera-
ture benchmark, given a specific 3D arrangement of items (Pratusevich et al. [2019]),
these pointclouds presented a Root Mean Square Error (RMSE) of 3 to 15% per meter
of distance of the camera to the object, with the best results at around 60cm. While
this is not necessarily generalizeable, it provides both a sense of inaccuracy, and also
a method for constructing a validation setup for a particular application scenario.

This module also (for debugging) handles pre-visualization of framesets through
OpenCV (Bradski [2000]), and implements ”masks” to retrieve parts of interest in
the images.

DNN Modules

The final main components of Figure 4.1 are the modules that implement the CV

models. These models were implemented in python, through a computer vision
framework, Detectron2 (Girshick et al. [2018]). There were a few other frameworks
that were considered, such as Alphapose (HPE focused python CV library), but De-
tectron was chosen, due to it supporting a greater variety of state-of-the-art models
(through torchvision), but also providing a broader range of subfields of CV. De-
tectron2 is a high-performance codebase for object detection research, with in-built
tools for rapid implementation and evaluation of novel research models. Detectron
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is implemented on top of pytorch (Paszke et al. [2019]), a library that implements
core DL and ML features and primitives in python. It allows for evaluation, imple-
mentation and training of neural networks, as well as inference through CUDA,
which we make use of (explored in Chapter 5).

The DNN modules are encapsulated by an object, accessible through the pyro
interface, that takes the RGB frame and runs inferences on pre-trained models cho-
sen from torchvision, storing their tensor predictions, and using them to trigger
reactions in the RobotControl object.

Pre-trained Models

MobileNet SSD

Figure 4.11: SSD MobileNet Architecture (Liu et al. [2015])

This model is the oldest one, and is a pure Object Detection model. SSD
comes from ”single shot detector” (a one stage detector) (Figure 4.11) underly-
ing the approach that was applied to the underlying CNN-based architecture, in
this case MobileNet (Howard et al. [2017]). These architectures (based on the un-
derlying Visual Geometry Group (VGG)’s classical CNNs) are streamlined for low
compute (e.g.mobile/embedded) applications. As such they have smaller networks
(∼ 2− 10M parameters), lower complexity primitives and, in general lower preci-
sion, though making up for these with higher throughputs and inference speeds.

Going back to evaluating these models (Chapter 2), SSD has the lowest accu-
racy of the state of the art models (Figure 2.19). On average MobileNets achieve
a theoretical mAP of 19.3 (AP at IoU=0.50:0.05:0.95)) on the COCO dataset (Howard
et al. [2017]). This particular model was implemented from the caffe framework’s
pre-trained weights, together with OpenCV’s (Bradski [2000]) DNN module. Its im-
plementation also required a downsampling of the image into (300,300) resolution
frames. Using a Nvidia Titan X it had 74.5% mAP (for people) on VOC2007 at 59

Frames per Second (FPS), and 23.2 mAP on the COCO dataset (AP w. IoU=.5:.05:.95))
(Liu et al. [2015]).

FPN (Lin et al. [2017])

Figure 4.12: FPN (Feature Pyramid Network) extractor (Lin et al. [2017])
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For the most intricate segmentations, the previously mentioned Panoptic Seg-
mentation technique is commonly used. This is the heaviest network implemented
in the project, but it ended up not being used, due to its slow performance (Chap-
ter 5). It is based on a ResNet (He et al. [2016], which learns through residual
functions with reference to a layer’s inputs, instead of learning un-referenced func-
tions, which has been shown to be empirically easier to optimize and more precise,
due to the extreme depth) backbone architecture, upon which a Feature Pyramic
Network (FPN) (Figure 4.12) is attached. An FPN is a feature extractor that, given an
arbitrarily sized image as input, creates proportionally sized feature maps at mul-
tiple ”scale” levels, for segmentation or Object detection tasks, resembling a ”Pyra-
mid” dependency structure. The model used in particular, ResNet FPN 101 had a
mAP of 42.4 and around 5-10 FPS (NVIDIA V100 Graphics Processing Unit (GPU))
(Girshick et al. [2018]).

Mask R-CNN (He et al. [2020])

Figure 4.13: Faster R-CNN Architec-
ture (Ren et al. [2015])

MobileNet had two main weaknesses: lower
precision, and a rather rough ”awareness”, the
only output is a bounding box.A new architec-
ture is needed to be able to include Instance
Segmentation, so we have a better ”border/-
mask” around the people, and also be able
to detect multiple people. Moreover we need
models that give better detection performance.
The CNNs that were deployed given these re-
quirements are R-CNN based ones. These pro-
vide a middle term between performance and
precision, amongst the state of the art (Fig-
ure 2.19). These networks (two stage detectors,
where the first module is a deep fully convo-
lutional network that proposes regions (FPN),
and the second module is the Faster R-CNN
detector that uses the proposed regions) can also be used for keypoint detection, so
finer grained detection can be applied to the people. The specific architecture (Mask
R-CNN) extends the previous Faster R-CNN. It adds a ”branch” for predicting an
object mask in parallel with the main ”branch” for bounding box recognition (He
et al. [2020]). Faster R-CNN (Ren et al. [2015]) also improves on previous R-CNN
(Regions with CNN Features) architectures, which use big CNNs with ”bottom-up”
”region proposals” to localize and segment objects, using selective search to iden-
tify a number of bounding-box object region candidates (“regions of interest”), and
then extracting features from each region independently for classification/higher-
level tasks. The specific model used, gave a tested mAP of 39.8 for Mask R-CNN,
nearly double the precision of MobileNet. However there is a harsh rise in infer-
ence time, as the networks bottleneck at around 5-10 FPS, depending on whether
they use keypoint detection, or just instance segmentation, respectively (Jiao et al.
[2019]; Girshick et al. [2018]).

Now that the top-down system approach has been given, and the sub-components
are introduced, the next chapter will go over the qualitative and quantitative results,
along with some more implementation related details, followed by the demos and
the conclusions.
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This chapter will start with a component-by-component review, followed by a gen-
eral system overview.

The pyro layer was benchmarked on a series of different metrics. A pyro server
can connect to 2384 proxies per second, with an average remote method call tak-
ing 0.101 milliseconds (msec) (9944 calls/sec throughput). By using batched calls (a
smarter subsystem) this can be improved to 0.0215 msec (46500 calls/sec), a speedup
of around 6.7x, with further optimizations leading even into (211300 calls/sec). For
transferring more complex data (byte arrays for images, etc), the system achieved
transfer speeds from 46.7 mb/sec up to 85.0 mb/sec, allowing a theoretical (148.57

to 272.38 FPS for constant (naive) frame streaming). There are no discernible bottle-
necks in the networking layer in regards to the system functionality.

5.1 robodk control

Figure 5.1: Example of Joint Movement and Visualization through python roboDK API

The RoboDK API allows real time visualization and control of the robot. Though
the Safety stop signal is immediate, updating a movements parameters, or defining
new movements is bottlenecked by the event dispatcher of the UR5 robot controller,
as the API merely packages the code instructions as TCP instructions for the robot
controller, such as circular, joint or linear robot movements, as well as joint veloc-
ity/acceleration parameters. Given this ”conversion” process, movements cannot
be altered ”mid-process”. As such, full real-time control is limited to the indi-
vidual inter-motion level, the only available intra-movement control is for com-
plete movement shutdown (thus all non-safety stop actions must wait until the next
”movement” order is given to the robot). The interface allows for accurate real-time
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visualization of both the reference frames, workstation targets, and even tracked
objects.

5.2 realsense extraction and localisation

Figure 5.2: Examples of RGB-d captures, overlayed with MobileNet object detector. ”Gap”
depth pixels are black.

In the first layer of the perception stack, the Realsense image + depth frame is ac-
quired. The realsense API does not provide inbuilt GPU acceleration for the image
pipeline/alignment algorithm, so it is a Central Processing Unit (CPU) constrained
workflow. The initial acquisition was implemented in a python node running in a
Macbook Air with a Quadcore 1.1 Gigahertz (GHz) Intel i5. Acquisition (with align-
ment was limited to 0.5 FPS. Once the system was ported to the final configuration
(Intel NUC with a quadcore Intel Core i3-8109U CPU 3 GHz), the framerate capture
improved to 55.3 FPS (with depth buffer, and naive alignment). While this is not
the highest framerate that could be achieved with the realsense system (up to 300

FPS), 60 FPS for the innate image+depth buffer allows a compromise between frame
resolution, Field of View (FOV) of the capture and the acquisition framerate. This
configuration allows for a 848x480 pixel RGB-d frame.

One important point to note is that, for some of these RGB-d examples (Fig-
ure 5.2), the position of the camera relative to the main targets will influence the
”dead area” around the depth bugger reconstruction. As the depth buffer is recon-
structed given the inter-image sequence disparities, an extreme angle to the object
of interest will lead to larger disparity gapes, and thus a larger ”empty” depth
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buffer zone. This becomes a problem especially at extremely close positions of the
objects to the center of a camera. Realsense provides hole filling / temporal/spatial
hole filters to improve these raw depth buffers (Grunnet-Jepsen and Tong [2020]).
These filters were applied in the codebase, however this post-processing can lead
to artifacts, and initial experimentation did not lead to conclusive results whether
using them (specifically the hole-filling filter) was unequivocally better versus ig-
noring ”gap” data for depth calculations. Also, both the depth estimation error and
the ”dead zones” increase as objects get too close to the camera aperture, or remain
at extreme angles in relation to the line of sight ray coming out from the center of
the camera.1

(a) Aligned Depth frame, prior to conversion to ab-
solute metrics

(b) Depth Estimation error in cm, for ob-
ject center and Bounding box

Figure 5.3: Depth Estimation Results from Realsense camera tests

Figure 5.4: Aberration exam-
ple, stick ”splits” in
close camera range

Figure 5.3 contains a typical example of an ob-
tained depth frame (Figure 5.3a). One must note
that even for surfaces in the same depth plane, there
are inconsistencies as this method is not completely
immune to camera/lighting aberrations. There are
certain improvements that could be approached to
the depth frame itself (the efficacy of which will be
discussed in Chapter 6), but this will be by default
the one used for the demos. A simple benchmark
for testing the accuracy of depth estimation for flat
objects was also used, leading to the results in Fig-
ure 5.3b. In , the Z-depth distance error remains in
the cm range. The accuracy is optimal (0.5 ± 1.5 cm)
within 0.5 − 1m of the camera. Closer objects will
present distortion effects (Figure 5.4), and for distances further than 3m the dispar-
ities will become small enough that accuracy worsens (increasing by ∼1 order of
magnitude). Retrieving a depth frame is not enough however, as this frame needs
to be projected into the same perspective as the RGB frame. This is an operation
provided by the rs library, but it takes an average of 0.0237 seconds. This means
that the aligned frame pipeline is bottlenecked at ∼ 7.2 FPS (using a naive ”always
on” alignment).

5.3 object/person detection
We come now to the core perception nodes, the NNs. As mentioned in Section 2.2.2,
3 CNN based networks were chosen. The simplest (and fastest one) MobileNet is
based on a caffemodel (NN format used for cross-platform implementation), and

1 The rs camera possesses a rather narrow FOV - 69° × 42° (Hor, Vert), which is also affected by the
resolution parameters, etc (Intel [2020]). This ”parameter” exploration will be approached again in
Chapter 6.
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is implemented with the help of openCV’s DNN module. This networks requires
a standard input, so the input RGB image is pre-processed (cropping, recalculating
aspect ratio and a slight down-scaling of the resolution). While faster in inference
(achieving an average 25.4 FPS), it is a rather rough object estimator, (no semantic
segmentation is provided) and its results are limited - as discussed in section 4.4.3
- leading to lower percentage of pixels inside a BBx belonging to a person if all
their limbs are outstretched, or moving quickly, for example). This can be seen
qualitatively in Figure 5.5.

Figure 5.5: Examples of MobileNet detections, with corner cases on the right (either incom-
plete or non-tight bounding boxes)

To achieve higher accuracy, and retrieve more rich output tensors, RCNN based
networks were then implemented, through the use of the detectron framework.
This had a noticeable performance drop running on the CPU only system (avg 0.5
FPS). So at this point a razercore external GPU enclosure was added to the NUC
system, together with a Nvidia Geforce GTX 1070 GPU, allowing for offloading
the inference of these networks to it, where they run at 3∼7 FPS. The reason the
system is benchmarked in terms of FPS, instead of other metrics, is that it provides
a time agnostic way of measuring performance, which can be related to timing by
extrinsic factors (the camera frame pipeline can be used as a sort of system clock),
i.e. given a constant RGB-d buffer sequence with a determined FPS rate, all other
events of the system can be timed to this ”clock”. It also makes sense given that
the frame sequence is the main ”driver” of the functionality of the overall system,
as it triggers the reactions from the robot and the perception stack nodes. These
RCNN networks (Figure 5.6), now running at 6.21 FPS allow for instance detection
of multiple persons, with an actual segmentation, rather than just a bounding box.
Its main disadvantages relate to its performance and added tensor complexity.
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Figure 5.6: Examples of R-CNN detections, with corner cases on the right (either incomplete
segmentations or low confidence results)

Figure 5.7: Examples of R-CNN panoptic segmen-
tations, note the main errors being
boundary occlusions/fuzzyness

A Panoptic Segmentation network
(Figure 5.7) was also implemented
from the detectron framework, how-
ever this did not end up in the fi-
nal demos, as its performance was
not enough for the implemented de-
mos (roughly 3.36 FPS for inference).
However, it showed promising re-
sults in terms of accuracy, and pos-
sible methods to increase this per-
formance are explored in Section 6.3.
It is important to note that these are
benchmarks without using the de-
bug visualizers. In this case, the vi-
sualizer actually takes up most of
the processing, requiring an average
of 0.53272 seconds. This limited the
whole NN pipeline to only∼1.1 FPS!
The average impact on the overall
system is exploring the later section
of this chapter.

Finally, for even more fine-grained
person detection, a 2D HPE RCNN was implemented (Figure 5.8), based on another
pre-trained detectron module. This, enhanced with the depth localization, provides
a multi-person skeleton detection in the 3D scene. This network performed well
(avg 6.51 FPS), however it is more prone to boundary case errors, principally in the
cases where people are close to one another, causing ”merges” in the detected skele-
tons, or when people are occluded by the FOV of the realsense camera, leading to
certain joints’ locations being invalid or, in the worse case, being distorted. These
results where minimized as the main joints of focus are the head and arms, and
most of these examples occur for the legs and knees. The system also suffers when
dealing with very high speed movements, as it deals with each frame individually
and does not use information from the sequence to bias consecutive predictions.
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Figure 5.8: Examples of R-CNN keypoint detections, with corner cases on the right (either in-
complete skeletons, joint misplacement near frame borders or incorrect merging
of keypoints between people in the same frame

5.4 safety stop

Figure 5.9: Safety Stop demo, as person ap-
proaches robot at work

This ”proto-interaction demo focuses
on safety, as mentioned in Chapter 1. In
a scenario where the cobot is doing a
preset task (painting simulation where
it continuously draws a line in a can-
vas), the presence of a person within
the cobot’s vicinity should stop the mo-
tion. Through the vision node, if a per-
son’s bounding box is detected, the per-
son’s average distance to the camera is
calculated, (and consequently the dis-
tance to the robot through trigonome-
try (as the camera’s reference frame is
static relative to the robot’s base frame)).

Once this distance crosses a predeter-
mined threshold distance (1.5m), the vi-
sion node (Figure 5.9) triggers a stop
command through the pyro interface (
triggering the safety stop exposed func-
tion from RobotControl) to the currently
running task on the RobotControl mod-
ule. This feedback is immediate, but
it was found that the person had little
sense of the action, as the only feedback
trigger were the cobot’s brakes.



5.5 safety slowdown 57

5.5 safety slowdown

Figure 5.10: Designed S-curve

Safety Slowdown is the second demo (Figure 5.11),
and it tries to achieve a more reactive and natural
reaction from the robot. Instead of using the raw
distance threshold, The camera still captures the op-
erator’s active distance, but instead maps this dis-
tance into a velocity range through an S-Curve (Fig-
ure 5.10), tuned for a range of velocities such that
the task at hand slows down to a crawl as the per-
son remains near the robot area, and speeds up again when the person retreats.

Figure 5.11: Safety Slowdown demo, as person approaches robot at work, its task velocity
will be dynamically linked to operator’s position relative to robot

This S-curve will then map between a person’s distance in meters to the maxi-
mum movement velocity of the robot’s joints, in mm/s, This is applying the gen-
eral principles used in the animation and interaction approaches mentioned in Sec-
tion 3.2.1. The curve is designed so that within 1.5 meters of a person, the robot’s
movement velocity is practically zero, and that it reaches its maximum at around 4m.
This was obtained by solving a constrained logistic function ( f (x) = 1

1+e−k(x−x0)
) de-

fined in such a way so that constants a and b are found such that an stretched
logistic function passes between two points, (1, 5) (m, mm/s) and (3, 60), leading
to the following analytic solution:

 a + b = log10

(
0.05

(1−0.05)

)
a + b× 3 = log10

(
0.6

(1−0.6)

)  (5.1)

Which leads to the following curve parameters a = −4.66208, b = 1.71764. The
S-Curve’s final formulation is as follows:

f (x) =
85

1 + 105.856e−1.71764x (5.2)

This allows for a ”smooth” interplay between the distance to the operator and the
way the robot moves. Of course this curve can be adjusted, and other parameters
besides just velocity approached.

5.6 safety track
The last demo attempts to improve on that, although useful, an average distance to a
person is not information that is fine-grained enough for more complex interactions.
As such, a 2D skeleton allows for an estimation in the 3D environment of every joint
of a particular person, which then allows for things such as the application of the
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previous two tests to just the person’s hands for example, or give priority to certain
body parts rather than the person as a whole.

By retrieving the 2D Human Pose Estimation pixel-joint positions, and enhancing
that prediction with an extra depth value from the buffer at the joint’s location, these
inputs can the be used to retrieve a 3D location from the robot’s frame of all the
joints of a person. With these keypoints embedded in the surrounding 3D space
(Figure 5.12), the robot behaviour can be adapted in more intelligent ways (having
the head or hands position trigger the safety stop, etc.).

Figure 5.12: Safety Track where a person’s skeleton is tracked through 3D space around the
robot

5.7 performance breakdown
By summarizing all of the previously mentioned performance details for these mod-
els, along with the overheads associated with the visual and console debugging
tools, the following table condenses the system’s main quantitative benchmarks:

Model mAP
theoretical
inference (s)

inf. (s)
inf.
(FPS)

viz. (s) Viz+Inf
FPS
(w/debug)

MobileNet 19.3 0.0169 0.0394 25.4 0.113 0.152 8.2
mask rcnn R 50 FPN
(instance segmentation)

38.6 0.043 0.161 6.2 0.297 0.458 2.2

panoptic FPN R 101 36.5 0.053 0.23 4.36 0.533 0.762 1.31

keypoint RCNN R 50 FPN 55.4 0.066 0.154 6.5 0.173 0.33 3.06

Table 5.1: Aggregated model benchmarks, both on expected theoretical metrics, aswell as
system results
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Having a feature complete prototype system (Chapter 4) and after initial testing
of the first ”proto-interactions” (Chapter 5), we come to the conclusions of this
project where the major findings are presented, followed by a reflection upon the
current system weaknesses, and ending with recommendations for future work
which remains to be done.

6.1 main findings

First of all, the literature review (Chapter 2 and Chapter 3) reinforced the vision-led
approach as a strong, scalable, and cheaper one, when compared to alternatives,
and why such human-hybrid systems will have increased relevance in the future.
Moreover, within vision, this review already shows there are useable models for
deploying ML-based algorithms for these vision tasks into actual production work-
flows (In section 4.4.3 of Chapter 4). A further review also justified how a vision
approach could be built to effectively use this captured data to enable human-cobot
interaction (Section 3.6), ending with a prototype showing simple initial examples
(Section 5.4, Section 5.5, and Section 5.6), that already provide basic workflows on
un-optimized hardware systems.

Moreover, this project implemented several state of the art vision models (in
section 4.4.3), successfully capturing both 2D low level human feature data (Sec-
tion 5.3), merging this information with the depth buffer (Section 5.2) and achieving
an average ”full-system” framerate of 3-5 FPS (Section 5.7).

The final system was implemented in a modular structure (Figure 4.4.1), allowing
these decoupled modules to effectively communicate (Chapter 5) and trigger simple
interactions in a target UR5 cobot. This control module, through the robodk APIs,
allows for a configurable workspace, one that is not limited to a preset configura-
tion, nor a preset cobot model.

Finally, we come back to research question 1.4:

RRQ-1. How can we create a Vision based system such that a Cobot (collaborative
robot) can react to a human within its environment?

This thesis has presented research into vision, how it can be applied to this prob-
lem domain, together with current and relevant HRI research. A concept system was
developed (available as an open-source repository) given all of this, with the final
concept choice being a flexible software prototype that is both low-to-medium cost
and able to effect simple human-robot interactions.

Given these preliminary results, all of these interacting blocks provide a solid
baseline system, which can be developed into a specific vision-based HRI application
successfully.
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6.2 weaknesses

From this proof-of-concept prototype, several conclusions can already be drawn. In
literature, an average humans’ speed of movements circles around 1.4 metres per
second for walking, to 0.25-0.5 seconds for arm and other more fine-grained mo-
tions (Buzzell et al. [2013]; DeGoede et al. [2001]). This means that a human-cobot
system framerate should support at least 3 to 15 FPS in order to be synced with/al-
low productive interaction in HRI systems.

Again, the core prototype system still only runs at an average 3-5 FPS, which is
not enough for enabling the most complex interactions (Section 3.2.1). Moreover,
on the cobot’s reaction side, the fact that once an instruction is sent, the only imme-
diate change that can be effected is stopping all movements and locking the brakes
(Section 5.4), which is a severe limiting factor. In case a cobot action lasts for longer
than this system’s budget of 200ms, altering it requires waiting for the current move-
ment to be completed first, and clearing the current robot’s task queue, leading to
the ”sluggishness” seen in the safety slowdown demo (Section 5.5). As such, robot
movements should be scheduled/broken down into smaller chunks, to allow for
dynamic path/velocity constraints in line with system performance.

On the perception side, the implemented Neural Networks showed the expected
results in accuracy (by proxy of the ”confidence” parameter of the output tensor,
and their qualitative results), however their inference speeds paled in regards to the
reference inference speeds stated for the models (Section 5.7), these being ∼25-40%
faster. This indicates that the current GPU solution (Section 4.2) is underpowered.

Also, it is important to note that the models are used ”as-is” (section 4.4.3 of Chap-
ter 4). Proper optimization (such as extra, transfer learning to tune the network’s
accuracy for a specific scenario, or ”pruning” (setting certain unnecessary pathways
of the network to zero) of the network, to remove structures trained on irrelevant
objects) is necessary for the extra performance and robustness. Nonetheless, the de-
mos and preliminary results show the feasibility of a purely vision-driven system,
and its implementation on cobot systems.

One point that came from the initial demos is that the relatively narrow FOV of a
single camera system resulted in the ”perception cone” having quite a few ”dead
angles”. Though realsense provides some software features to increase the FOV

slightly, these would come with a cost in frame resolution (Section 5.2). Indeed, for
a complete overview of the human/objects related to them, a multi camera system
seems more appropriate. However these extra cameras do not need to be realsense
depth cameras as well, cheaper monocular cameras could be added to the current
system, perhaps with depth estimation models running on their outputs, to help
the estimations with the ones from the realsense camera, besides providing a more
complete view of the 3D environment, with software based stitching.

Another point to note about the depth buffer is its presence of ”gap” pixels, due
to its disparity estimation algorithm not being able to perfectly synchronize the
multiple views in the realsense camera. This is exacerbated for motions that occur
too fast for the system framerate to handle, leading to blurriness, but also if the
objects/people are at an extreme orientation from the center of the bisector line
coming out of the realsense camera. This is also something that can could be aided
by a multi-view camera setup. The software hole-filling filters provided by realsense
help with this, but they introduce aberrations in the depth data, which are hard to
evaluate.

On the HPE side, given that the system only runs perception ”one frame at a time”,
the networks cannot take advantage of previous frames for the inference tasks of
the next ones, which could be used to maximize performance, as well as determine
higher levels of awareness, and capture ”intent”, such as the ”actions sequences”
mentioned in Chapter 3.



6.3 future work and improvements 61

On the control side, though pyro as a system provided an agnostic way of pass-
ing messages, tests (Section 5.1) showed that there was some level of interference
between the UR5 controller, robodk, and the pyro messages. Since there is a sin-
gle object controlling the UR5 cobot arm, use of the system showed that calling a
function interacting directly with the controller (safety stop) could bring crashes,
presumably due to the asynchronous system behaviour that could lead to several
simultaneous safety stop requests being present simultaneously in the response
queue of the robot controller object. These events were rare, but nonetheless the
system was changed so that only program parameters were sent between nodes,
and the actual function calls were isolated to only ”inside” each relevant node.

Finally, while there was an initial setup of the realsense camera, this parameter
calibration was far from extensive, and the intrinsic parameters used were the ones
preset at the factory for the used device. Extra tuning and calibration would be
needed, tuned to a specialized calibration setup, especially for ensuring the preci-
sion of the augmented human skeleton in the 3D environment. Also, the current
default model evaluation metrics (Section 2.2.5) do not explore how well this 3D
skeleton reconstruction actually is, so this part of the evaluation is lacking.

6.3 future work and improvements
Throughout the project, several ideas for better approaches/alternative to the afore-
mentioned weaknesses were thought of. Some of these can be summarized by the
following points, starting with perception:

• By integrating the different subtask networks into a shared backbone network,
we allow the system to have extra paralelization advantages, as well as per-
formance, instead of merging the results of the disparate networks after the
fact;

• Applying transfer learning with actual datasets of workers’ environments, so
that the networks are ”fine-tuned” to the specific workspaces, rather than only
the generic larger datasets;

• Prune base networks for unnecessary functionality, to increase performance;

• Implement proper realsense camera calibration, image pre-processing, and
system calibration in general, exploring the setup parameters (camera posi-
tion, and number of camera array, etc), tuning the post-processing filters, and
finally devise a calibration test for the 3D HPE method, perhaps by using man-
nequins/cardboard cutouts with known measurements, so that the 2D to 3D
skeleton conversion accuracy can be validated under the specific constraints
of the scenarios, also alternative 3D camera systems can be explored as well;

• Add an action sequencing system, that also takes sequences of frames, for
higher level perception tasks (Section 3.2.1), which would allow the system
to become even more predictive, instead of solely reactive, thus allowing more
complex interactions.

• Instead of applying naive stitching/object detection algorithms with every
received frame, introducing more dynamically intelligent framerates, such as
withholding/skipping bottleneck prone activities in very similar frames, or
where nothing of interest can be detected initially;

There are also needed improvements on the robot action side:

• Implementing an actual task system, with an event handler/dispatcher, that
would not only allow more generic scalable tasks (leaving the hard coded
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ones behind), but also be able to break down intra-task actions into time seg-
ments such that a single movements’ duration does not bottleneck the system
perception response;

• Integrate more intelligent planning methods, such as handling new movement
targets dynamically given the robot’s constraints, or being able to catch sim-
pler action errors, instead of these simply cancelling a movement.

More broadly, now that the proof of concept system is proven, more effort is need
to turn it into a full prototype robot station, such as moving the current code into
a more performant compute architecture (some 30% of performance gains could
be gained from using better GPU compute, e.g. the NVIDIA® Jetson Nano NN op-
timized computers), that could be used to trial and tune the system with specific
automation tasks that require human and robot hybrid-cooperation. While accuracy
is already good enough for the system, increasing average system performance to
at least 12 FPS, is essential for this task.

While there are several parts of it that require more work, these are approach-
able engineering problems, and both the research and the proof of concept did
not present any major flaws in the underlying approach. While there is more re-
search that needs to be done, as well as engineering, Vision appears as a viable,
lower cost, scalable and performant software-based approach for computational
human awareness, when compared to other sensor based methods, and there are
promising results from using such awareness data for successful Human-Cobot in-
teractions, both in literature, as well as the proto-interactions implemented as part
of this un-optimized and limited proof of concept, which nonetheless still managed
to provide useful behaviours from the cobot’s perspective given human presence,
Q.E.D.
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E., and Garnett, R., editors, Advances in Neural Information Processing Systems 32,
pages 8024–8035. Curran Associates, Inc.

Peng, X. and Schmid, C. (2016). Multi-region two-stream r-cnn for action detection.
In Leibe, B., Matas, J., Sebe, N., and Welling, M., editors, Computer Vision –
ECCV 2016, pages 744–759, Cham. Springer International Publishing.

Perronnin, F., Sánchez, J., and Mensink, T. (2010). Improving the fisher kernel for
large-scale image classification. In Proceedings of the 11th European Conference on
Computer Vision: Part IV, ECCV’10, page 143–156, Berlin, Heidelberg. Springer-
Verlag.
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Figure A.1: More Vision Edge Cases
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