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Abstract

Human detection and pose estimation are essential components for any artificial system
responsive to the presence of humans and that react according to human-centered tasks.
Robotic systems are typical examples, for which the body pose represents fine grained infor-
mation useful to understand the behavior and activities of people, and interact with them.
However, it is a challenging research topic with increasing difficulty given the unknown num-
ber of people in a usual scenario and factors like occlusions and sensing conditions. Current
state-of-the-art methods have largely used deep Convolutional Neural Networks (CNN) to
address the task. Traditionally, the selected CNNs are very deep and overparameterized, hence
requiring large amounts of data to achieve good generalization and prevent overfitting. As
a consequence, they are not straightforward to deploy in the low budget hardware typically
available in practical applications such as HRI.

This thesis studies methods for efficient and reliable 2D and 3D human pose estimation
using deep learning approaches. It investigates novel lightweight convolutional network archi-
tectures that achieve real-time performance in multi-person scenarios and explore knowledge
distillation methods to boost the performance of these models while keeping their efficiency.
Moreover, this thesis addresses the high cost of data collection with annotations that arises
with our deep learning-based approaches by relying in a large scale dataset of synthetic im-
ages with high variability. Domain adaptation methods and data augmentation strategies are
proposed to exploit the synthetic corpus in order to achieve good generalization in sensor data.
Additionally, this dissertation studies human 3D motion prediction framed as a sequence-to-
sequence problem. Non-autoregressive transformer neural networks are proposed to predict
elements in parallel to avoid error propagation from predicted elements, observed in autore-
gressive methods, while at the same time being efficient.

Overall this thesis proposes different efficient and accurate deep learning solutions to de-
sign components of a human behaviour understanding system exploited in Human-Robot-
Interaction (HRI) scenarios.

Keywords: human robot interaction, human behaviour understanding, deep learning, person
detection, human pose estimation, domain adaptation, knowledge distillation, human motion
prediction, transformer neural network.
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Résumé

Détecter des personnes et estimer la pose de leur corps sont des composants essentiels de tout
systéeme artificiel nécessitant d’analyser les activités des humains. Les systemes robotiques
intéragissants avec 'homme sont un exemple type de tels systemes, ou la pose du corps
représente une information détaillée permettant de mieux appréhender le comportement
humain et d’agir en conséquence. Néanmoins, extraire une telle information présente de
nombreuses difficultés liées aux variabilités intrinseques des données, telles que le nombre de
personnes, les occlusions et les vues partielles du corps, les conditions d’acquisition et d’illu-
mination, ainsi que les variabilités d’apparence (vétements) et physiques (taille, corpulence,
haute variation des degrés d’articulation du corps). Les méthodes récentes sont largement
basées sur l'utilisation de réseaux neuronaux convolutifs profonds (CNN en Anglais), qui sont
traditionnellement trés profonds et sur-paramétrés, requérant ainsi de grandes quantités de
données pour obtenir une bonne généralisation et éviter le sur-apprentissage, et ont ainsi
un colit opératoire important. Cela rend leur utilisation difficile avec les resources de calcul
généralement disponibles dans des applications pratiques telles que les systemes embarqués
en interaction homme-robot (HRI en anglais).

Cette these s’intéresse au design de méthodes efficaces pour I'estimation 2D et 3D de la
pose du corps basées sur des approches d’apprentissage profond. Elle étudie 'usage de
caméra de profondeur ainsi que des nouvelles architectures légeres de réseaux convolutifs
permettant d’obtenir des estimations en temps réel dans des scénarios. Elle explore également
des méthodes de distillation des connaissances pour améliorer les performances de ces
modéles tout en conservant leur efficacité. En outre, elle aborde le cofit élevé de la collecte de
données et de leurs annotations face aux besoins des approches en apprentissage profond
et propose d’employer a grande échelle des images de synthéses dont 'annotation est ainsi
obtenue de maniére automatique. Des stratégies d’augmentation des données ainsi que des
méthodes d’adaptation du domaine sont alors proposées afin de pouvoir bénéficier des ces
données de synthése tout en obtenant une bonne généralisation des capacités d’estimation
avec des images de profondeur réelles. Enfin, cette thése étudie la prédiction du mouvement
humain en coordonnées 3D sous la forme d'un probléme de prédiction séquence-a-séquence.
Des réseaux neuronaux “transformers” sont proposés pour prédire en parallele les différentes
poses a différents horizion temporels et éviter les propagation d’erreurs observées avec les
méthodes autorégressives traditionnelles.

De maniére générale, cette thése propose différentes solutions d’apprentissage profond perfor-



Résumé

mantes et précises de la pose utiles pour des systemes de compréhension du comportement
humain, comme ceux exploités dans le domaine de I'interaction homme-robot.

Mots clé : interaction homme-robot, analyse du comportement humain, apprentissage pro-
fond, détection de personnes, estimation de la pose du corps, adaptation de domaine, distilla-
tion des connaissances, prédiction du mouvement humain, réseau neuronal transformer.
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|§ Introduction

In the past decades Artificial Intelligence has striven to build systems that are capable to
perceive its environment and to react according to human-centered tasks. For example, a
health care system may have the capability to detect when a patient has fallen to the ground
and to emit an alarm to require medical attention. These systems are responsive to the
presence of humans and provide support for decision making on scenarios involving people’s
activities. As such, one of their main goals is to understand human behaviour from sensory
data, e.g. video, audio, etc. Their functionality relies in a perception module that takes the
sensed information and processes it for effective human behaviour understanding.

Visual detection and tracking of people are core components of any artificial system aware of
human presence. These provide a history of people’s whereabouts and body motion which are
later used for interpreting intentions. We humans commonly understand people’s behaviour
by inspecting their motion, body gestures, and other non-verbal information in a given scene
context. However, this cannot be easily achieved by artificial systems. For these, obtaining
such high-level understanding requires a process in which low-level image signal information
is first extracted, then used to generate mid-level motion representations to finally process
them for interpretation.

The work presented in this thesis addresses the tasks of visual detection and motion modelling
of people for Human-Robot Interaction (HRI) settings. Our work studies several deep learning
approaches for efficient and reliable visual detection of people and body pose estimation.
Opposite to other domains requiring human behaviour interpretation such as autonomous
driving or visual surveillance, in HRI scenarios people interact directly with a robotic platform
at different distances and directions (see Figurel.1). Therefore, localizing people in the sur-
roundings of the robot and modelling their motion is essential for successful interpretation of
their interactions.

The rest of this chapter presents an overview of our research. First, we introduce the context in
which the thesis research was conducted. Then, we introduce the common pipeline for human
behaviour understanding identifying the components investigated in this thesis. Subsequently,
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(@)

Figure 1.1 — (a) Typical HRI scenario where the robot interacts with multiple people; (b)
Example of 2D multi-person pose estimation on an RGB image.

we frame our research within the deep learning-based methods and discuss its advantages over
classical machine learning. We introduce various challenges encountered in HRI scenarios
and based on these we set the scope and objectives of our work. Finally, we introduce the
contributions of this thesis.

1.1 Background

The research in this thesis was conducted within the European project MuMMER ' (Multi-
modal Mall Entertainment Robot). Its goal is to build social intelligent robots for entertainment
in public spaces (Foster et al., 2019, 2016).

Pepper? from Softbank Robotics has been used as the robotic platform. The robot is equipped
with two RGB cameras (OV5640 5MP) and one depth camera (Asus Xtion 3D) among other
sensors (microphones, and contact). Potentially, it can be equipped with other cameras (e.g.
Kinect 2) to increase the robot field of view.

The robot is expected to perform in unconstrained HRI interaction scenarios, like the one
shown in Figure 1.1(a). Such interactions involve answering questions, providing instructions,
telling jokes, etc. Though the scenario conditions are mostly indoors, the number of people
interacting with the robot is unconstrained as well as other scenario conditions like illumi-
nation, background clutter, person occlusions, etc. The interactions should be handled as
natural as possible, which means that all the modules of the robot need to operate in real time.

Thttp://mummer-project.eu/
Zhttps:/ /www.softbankrobotics.com/emea/en/pepper
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1.2. Human Behaviour Understanding Pipeline

Visual Perception

Person Detection: Motion Analysis:

+ body skeletons

+ temporal information

Activity
Recognition

S‘{Lﬂgﬁ, - 2D Pose Estimation

- 3D Pose Estimation

- Motion Prediction
- Pose Tracking

Figure 1.2 — Pipeline of a human behaviour understanding system from visual modality. We
highlighted the focus of this thesis in bold fonts. Note that not all modules are time-dependent.

1.2 Human Behaviour Understanding Pipeline

An artificial system designed for human behaviour understanding implements Human-
Sensing (Teixeira et al., 2010) aiming to answer questions such as: how many people are
in the room? or, what activity is being performed? It encompasses the challenges from low-
level signal processing and detection to high-level information modeling for interpretation,
including the analysis of group activities (Reiter-Palmon et al., 2017). Understanding human
behaviour, and communication cues in particular (like detecting the speaking status (He et al.,
2018; He et al., 2021), nods (Nguyen et al., 2012; Chen et al., 2015), or attention (Ba and Odobez,
2006; Sheikhi and Odobez, 2015; Siegfried et al., 2017)), is of great importance in HRI settings
in order for the robot to respond to interactions in a proper way.

Although a system can incorporate information from different sensor modalities, i.e. video and
audio, our interest resides on the video modality. Using video presents several advantages over
other sensor modalities. First, non-verbal communication in the form of body gestures (Wu
et al., 2016) or visual focus of attention (VFOA) can be extracted from images. It also promotes
the extraction of scene image context, e.g. identifying the objects a person is interacting with.
Finally, access to the 3D world is provided by depth camera sensors and foster 3D scene
understanding.

A common workflow for human behavior understanding involves many technologies, from
person detection to activity recognition. These normally work in a hierarchical fashion,
thought not always sequentially. Figure 1.2 shows a diagram of its core components. It works
as follows: a) a stream of images is acquired from the camera sensor and presented to the pose
detection module; b) people are detected in a per-image basis and their individual body pose
is extracted, in image (2D) or world (3D) coordinates; c) spatio-temporal properties of the
body motion are retrieved in order to perform motion prediction and pose tracking; d) finally,
high level understanding such as activity recognition is performed from motion cues.

1.3 Deep Sensing

In recent years deep learning techniques have become the leading algorithms for many
machine learning tasks, from object detection (Redmon et al., 2016) in computer vision,
medical applications (Ciller et al., 2017) to machine translation (Vaswani et al., 2017). All
this has been made possible thanks to the increasing number of large available datasets
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with annotations (Lin et al., 2014; Wang et al., 2018), increasing computational power with
specialized accelerators (i.e. GPUs or TPUs), and large improvements in optimization like
tricks to prevent from vanishing gradients.

As with many other fields in computer vision, the use of deep learning algorithms have
replaced classic machine learning for human sensing related tasks. Very deep models have
shown drastic performance increases in topics from 2D body pose estimation (Cao et al., 2017),
crowd behaviour analysis (Kothari et al., 2021) to video activity captioning (Sudhakaran et al.,
2021; Wang et al., 2018). These tasks profit from several advantages of deep learning methods
over classical ones (LeCun et al., 2015):

* Representation learning approach. Representation learning allows a machine to au-
tomatically discover adequate representations from raw data. In classical approaches
these features were manually designed and required some level of expertise. For in-
stance, deep learning models for 2D body pose estimation leave out the classical explicit
hand-design of prior models of the kinematics of the body and instead learn these im-
plicitly from examples. In practice, a Deep Neural Network (DNN) can learn meaningful
representations from the training data as long as enough quantities of representative
examples and sufficient DNN learning capacity (number of neurons, layers, etc.) are
provided.

* Locality exploitation. For signals such as images, pixels in a neighborhood are highly
correlated with statistical properties that are invariant to location. Convolutional Neural
Networks (CNN) take advantage of these properties to detect translation invariant pat-
terns and merge similar semantic features (e.g. with pooling). As such, person detection
and pose estimation methods are robust in very challenging scenarios under different
sensing conditions (illumination, noise, etc) and multi-person settings with partial
observations and scales. For a classical approach it is hard to achieve feature selection
that helps to obtain more discriminative feature representation.

* Hierarchical composition. DNNs exploit the compositional semantic meaning of sig-
nals where high-level properties are composed of low-level ones. For example, in images
local patterns (edges, corners, colors, etc.) can be assembled into body parts, and body
parts into a human body. DNNs achieve different levels of feature representation by
composing (stacking) many non linear modules (layers) that convert features to abstract
levels. The deeper the composition, the more complex the function that can be learned.
Specific to the body pose estimation literature, the trend is to design very deep CNNs
to localize body landmarks in the image and sequentially refine these locations with
staked sets of layers. Such compositional property allows these deep models to be learnt
end-to-end even in multi-task settings.

In this thesis we adopt deep learning techniques for the different elements of the human
behavior understanding pipeline. Our research centers to the analysis of the human body
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from images in multi-person settings, like the one shown in Figure 1.1(b). However, regardless
their breathtaking results, deep learning methods bring different challenges to specific targeted
scenarios. We introduce these shortcomings for our HRI scenario in the next section.

1.4 Challenges

Though in recent years deep learning techniques have made substantial progress in person
detection, human pose estimation and person tracking, their practical application in HRI
scenarios is not evident. On one hand, the dynamic nature of HRI scenarios, the background
clutter and sensing conditions may lead to partial occlusions hence hindering perception. On
the other hand, accurate but more complex systems may bring high computation burden,
disabling the possibility for real-time performance under the limited computational budget of
the robotic platform. More precisely, we identify the following challenges:

1. Unconstrained scenarios and variability. Dynamic scenarios may contain an un-
known number of people. For HRI people normally interact naturally with the robot,
between each other, and with the objects in the environment through body gestures or
other non-verbal communication. In this setup, factors such as robot’s motion, back-
ground clutter as well as between-person interactions may provoke partial observations
and often detection.

2. Real-time performance requirements. Robotic platforms are normally equipped with
lightweight CPU or GPU processors with very few resources for data processing. More-
over, these resources have to be shared among different modules, like motion planning,
localization, dialog managing, etc. Multi-person detection and tracking for HRI systems
require real-time running performance to achieve fluent interactions. Yet, accurate
DNNs models tend to be very deep and large in terms of number of parameters. This
brings high computational demands, normally requiring GPU processors to deploy the
models (sometimes not even in real time).

3. Data needs for training. DNNs require large amounts of data with enough variability
and high-quality ground truth for the learning phase. Existing benchmark datasets
might not meet these requirements for specific scenarios like those encountered in HRI.
Hence, obtaining or collecting such datasets for our particular application can be very
expensive and time consuming.

We address these challenges with different deep learning techniques to find a good trade-off
between efficiency and performance. In our research we do not make strong assumptions
about the scenario, e.g. number of people, body pose, or close sensing range. However,
thoughout this thesis most of the experiments were conducted on low budget GPU accelerator.
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Figure 1.3 — Addressed elements of the human behaviour pipeline we investigate in this thesis.
(a) we synthetsize and collect depth image databases for training; (b) we investigate efficient
methods for 2D pose estimation; (c) we leverage on fast 2D pose estimation for 3D pose
regression; (d) we introduce a method for 3D motion prediction.

1.5 Scope of the Thesis and Contributions

The overall goal of this thesis is to investigate and develop practical deep learning methods for
human behaviour analysis systems in HRI scenarios and more specifically methods related to
human body pose analysis. In this context, we focused in the following tasks:

Synthetic data generation for 2D human pose estimation;

Efficient human 2D pose estimation;

Efficient human 3D pose estimation;

* Human motion modelling and prediction.

As previously discussed, localizing body landmarks of people, in 2D and 3D provides the
robot the means for fine-grained motion understanding and human activity recognition for
social interactions. We operate with streams of depth images. Regardless of being simpler
than color images, i.e. they have less diversity of color and texture, they contain rich and
sufficient information for our tasks. They may thus necessitate less complex models to
accomplish our objectives with a good trade-off between accuracy and speed. Additionally,
they provide easy access to the 3D world easing the extraction of 3D motion and fostering 3D
scene understanding.

Based on the previously discussed challenges, the more technical objectives of this thesis
include:

* Investigate tools for data generation to cover the need for training data of deep learning
approaches.

¢ Investigate efficient CNN architectures and deep learning techniques for fast and reliable
multi-person pose estimation, both in 2D and 3D
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* Investigate deep learning domain adaptation techniques to transfer the learned capabil-
ities from synthetic data to real sensor data.
* Investigate deep learning approaches for human motion modelling and prediction.

Inline with our objectives we worked on the different modules illustrated in Figure 1.3. These
can be seen as implementations of the elements of the human behaviour understanding
pipeline shown in Figure 1.2 Concretely, the main contributions of this thesis can be summa-
rized as follows:

* A dataset of depth images for human 2D pose estimation. To cover the need for train-
ing data, we worked with computer graphics and 3D character design tools to generate
synthetic images. The result is a large scale dataset of depth images for 2D human pose
estimation, including more than 260K synthetic depth images with 2D and 3D landmark
annotations, and more than 15K Kinect 2 depth images of sequences of multi-person
HRI scenarios with a real robot. Our dataset dubbed as DIH (Martinez-Gonzalez et al.,
2018b) has been made public for research and commercial purposes 3. Additionally, the
code of our tool for data synthesis has also been made public *.

* Fast 2D body landmark localization from depth images. We proposed several efficient
and novel lightweight CNNs models for fast and reliable 2D human pose estimation
comprising a cascade of detectors. The design of these architectures exploit modules
from ResNets, MobileNets and SqueezeNets to reduce the model’s size and computation
requirements of convolutions. Additionally, we explore knowledge distillation tech-
niques to boost the generalization capabilities of these lightweight models coupling
the distillation at different parts of the architectures to match our cascade of detectors
approach. Our networks match our speed and accuracy requirements for real-time pro-
cessing and outperforms state-of-the-art models. Part of this work has been published
in (Martinez-Gonzalez et al., 2020a) and (Martinez-Gonzalez et al., 2018b); code has
been made public public ®

* Domain adaptation. We studied several deep learning domain adaptation methods for
multi-person pose estimation, training DNNs with depth synthetic data, and exploiting
unannotated real data for adaptation. We investigated unsupervised adversarial domain
adaptation (Ganin et al., 2016). Additionally, we investigated approaches that apply spe-
cific data transformations during training or testing: include depth sensor information
or making the testing images to look like synthetic ones. This study highlights domain
adaptation limitations and the importance of including sensor information during train-
ing with synthetic data. Part of this work has been published in (Martinez-Gonzalez
et al., 2020a) and (Martinez-Gonzélez et al., 2018a).

3https:/ /www.idiap.ch/dataset/dih
4https://github.com/idiap/depth_human_synthesis
Shttps:// github.com/idiap/fast_pose_machines
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¢ 3D pose estimation. We investigated a novel method for decoupling the 3D pose esti-
mation task into an accurate and efficient CNN-based 2D bottom-up multi-person pose
estimation method and 3D pose regression. Our method exploits the depth information
and uses a simple 2D-to-3D lifting scheme which handles 2D body joint miss detections.
We introduce a novel method for 3D pose regression from lifted 2D estimates by relying
on a residual-pose deep-learning architecture. This approach, despite its simplicity,
achieves very competitive results on different public datasets and is suitable for real-
time multi-party HRI scenarios. This work was published in (Martinez-Gonzélez et al.,
2020b) and code and models are available °.

¢ Human 3D motion prediction. We investigated a non-autoregressive approach for 3D
human motion modelling and prediction. We addressed the problem as sequence-to-
sequence prediction and rely in a transformer neural network to model the temporal
dependencies between past and future 3D human pose sequences. Compared to autore-
gressive prediction, our approach uses the decoding mechanism of transformers in a
non-autoregressive setting to avoid error propagation and reduce computation costs at
testing time. We explore different network architectures to compute single 3D pose em-
beddings to model body spatial dependencies such as Graph Convolutional Networks
(GCN). Additionally, we exploit the transformer encoder self-attention embeddings to
perform activity classification. Our approach achieves competitive results in motion
prediction benchmark datasets. This work was published in (Martinez-Gonzdlez et al.,
2021) and code and models are available .

1.6 Thesis Outline

The rest of the thesis is organized as follows:

Chapter 2 summarizes previous work related to 2D and 3D human pose estimation, motion
prediction and different deep leaning topics related to our work.

Chapter 3 introduces the datasets we use throughout our research. First, we describe our ran-
domize synthesis pipeline protocol to generate synthetic data using 3D human characters and
motion simulation. Then, we introduce our protocol for data collection of people interactions
with a robotic platform in HRI settings. Finally, we present other public benchmark datasets
used in our experiments.

Chapter 4 introduces our work for efficient 2D multi-person pose estimation from depth
images. We present our novel lightweight CNN architectures designed to achieve real-time
performance. Additionally, we introduce our research for knowledge distillation to boost the
performance of our lightweight architectures while keeping their efficiency.

Bhttps://github.com/idiap/residual_pose
"https:// github.com/idiap/potr
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1.6. Thesis Outline

In Chapter 5 we describe our research on domain adaptation for learning 2D pose estimation
for learning with synthetic data to perform in sensor data. Our research investigates unsuper-
vised adversarial domain adaptation as well as data transformations applied to training and
testing images, and highlights their limitations

Chapter 6 introduces our method for multi-person human 3D pose estimation from depth
images. We detail our method for lifting and recover from 2D failures and our residual pose
learning to predict offsets from 3D lifted skeletons.

Chapter 7 addresses 3D human motion prediction leveraging in transformer neural network
architectures. We propose a non-autoregressive transformer that works on sequences of 3D
skeletons to model the temporal dependencies for future motion sequence prediction and
extract information relevant for activity recognition.

Finally, Chapter 8 presents our conclusions of the thesis summarizing our work and presenting
suggested future directions that can build upon this work.






YA Literature Review

2.1 Introduction and Problem Definition

Human pose estimation is the task of predicting the body structure by means of detecting
anatomical landmarks (body parts) in images, i.e. head, neck, hands, etc. Given its vast
number of applications, such as visual surveillance, gaming, HRI, it has been a computer
vision subject studied for decades. However, the large complexity of the body structure makes
the task very challenging: the human body, as an articulated object, has a wide range of pose
configurations and people may appear at different profiles to the camera, occluding parts of
the body. Additionally, human motion is highly non-linear with large uncertainty due to the
articulated structure of the human body.

Research in human pose estimation and motion prediction has addressed the problem of
estimating the human pose in the 2D (image coordinates) and the 3D spaces (a 3 dimensional
coordinate frame). Regardless it is 2D or 3D space, the problem starts on training a set of body
part detectors that localizes them in the image plane. For the 3D case, 2D pose estimation is
usually an intermediate process. However, depending on the input modality, estimating the 3D
pose often requires multi-camera settings or prior knowledge to model anatomical constraints.
Though 2D coordinates is the most common representation used, some anatomical properties
are not well represented. One of such challenges is inferring the locations of the self-occluded
landmarks from 2D information only. Additionally, human motion can be better understood
in the 3D space where prior information about the anatomical properties, such as body
proportions and articulation limits of the body are better represented.

This chapter reviews research related to the components of the human behaviour understand-
ing pipeline for HRI scenarios. We limit the scope to the topics most relevant to this thesis
work, i.e. human 2D and 3D pose estimation, human motion prediction, domain adaptation
and knowledge distillation.
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Figure 2.1 — lllustration of tree-like structure human pose priors. (a) Simple human body
tree-like body representation; (b) body part pairwise relationships where limb 1; has a single
element in its parent set pa(l;). (c) denser body parts relationships with limb 1; with multiple
parents in its parent set pa(l;).

2.2 2D Human Pose Estimation

In this section, we summarize methods for 2D human pose estimation. We start by discussing
classical machine learning approaches and then introduce more recent deep learning based
ones.

2.2.1 C(lassical Machine Learning Approaches

Classical machine learning methods focused on solving the single-person pose estimation
problem from person centered image crops. These methods focused on solving body part de-
tection together with generating estimates with physically plausible body pose configurations.
To detect human body parts, it is usual to employ per body part specialized detectors trained
on features manually designed by experts. Consequently, the detected body parts are coupled
together taking into account the body structure kinematics as constraints to generate feasible
estimates.

One of the most widely used practices for 2D pose estimation is the Pictorial Structures
model (Yang and Ramanan, 2013; Andriluka et al., 2009; Johnson and Everingham, 2010). Such
approach couples 2D detected body parts considering the human body as a tree-like structure.
Body parts correspond to the nodes while the limbs connecting them, e.g. forearm, arm, spine,
etc., are modelled as edges. Body parts relationships are usually designed in pairs to ease
the pose inference stage. See Figure 2.1. Other non-tree-based approaches instead aggregate
context from all the body part detectors to model body part relationships (Ramakrishna et al.,
2014). They work as a message passing mechanism where all the body part detectors have the
opportunity to incorporate context about the location of other body parts in the image, hence
the relationships are learn implicitly rather than explicitly.

Depth data has also been used for human pose estimation related tasks (Shotton et al., 2012;
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Figure 2.2 — Illustration of (Shotton et al., 2012) for pose estimation from depth images. (a)
Depth image after background substraction; (b) pixelwise classification of human body parts
with random forests; (c) pixelwise labels after classification.

Jung et al., 2015; Kim et al., 2015). Contrary to color images, depth image values contain the
distance from objects to the depth camera. They are relatively simpler: it contains mainly
shape information in form of blobs of objects. However, they preserve many essential features
that appear in natural images, e.g. corners and edges, and contain rich information about the
3D object’s surface which might help to remove ambiguities in scale and shapes. In fact, they
provide direct access to the 3D world which makes them very appealing for HRI applications.

The most well known approach employing depth images is the seminal work of Shotton et
al. (Shotton et al., 2012). It follows the per body part detection setting. First, they preprocess
the depth image by applying background subtraction assuming that the people are in a close
range (5 meters). Pose estimation works in a pixel-wise classification setting using random
forest, where each pixel in the depth image is classified as belonging to one of the different
body parts of the body, i.e. head, shoulders, hands, etc. The combination of random forest and
depth images lead to large improvements in both inference speed and estimation performance.
Figure 2.2 illustrates this method.

Body Part Detectors and Features

A body part detector is a predictor that is trained to discriminate a given body part, e.g. head,
from the background and other body parts, e.g. neck and shoulders. The predictor receives as
input a vector of features u and provides a score related to the presence or the absence of the
body part of interest. For a human body with N body parts, like head, neck or hands, there are
N body part detectors each specialized in detecting the corresponding body part in the image.

The success of earlier pose estimation approaches relies in designing good features. These
usually required expert knowledge and are engineered to enhance particular aspects of the
image in order to be discriminative for the problem. In the pose estimation literature, one of
the most used features for color images are the Histograms of Oriented Gradients (Dalal and
Triggs, 2005). See Figure 2.3. In the case of depth images, (Shotton et al., 2012) used simple
depth values comparison between a pixel p and two pixel offsets p; and p, which combined
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Figure 2.3 - Illustration of classical methods for 2D pose estimation. (a) Input image tight crop;
(b) HOG feature extraction; (c) Per body part classification with T random trees; (d) Predicted
2D pose.

with random forest lead to very fast inference.

Body part detectors operate from the set of extracted features to find instances of body parts.
An abundance of works exist in the literature using Support Vector Machines (SVM) (Kim et al.,
2015), random forest (Shotton et al., 2012, 2011), and boosted classifiers with trees as weak
learners (Ramakrishna et al., 2014).

Anatomical Priors

To ensure a reliable pose detection of people in different and feasible body configurations,
methods usually include information about the relationship between the different body parts
of the human body. For example, leg extremities have articulation limits and cannot be directly
connected to the head.

Most of the techniques relied in a Bayesian approach to model the body parts relationships
and couple them with body part detections. For example, in the pictorial structures approach
the human body structure L is modeled as the posterior probability p(L|D) « p(D|L)p(L),
where P(D|L) is the image evidence computed with body part detectors, and p(L) corresponds
to a kinematic tree prior that models the relationship between landmarks

p() =[] piipads), (2.1)

where the potential p(l;|pa(l;)) model interactions between body landmarks and are learned
from training data. In practical applications, the potentials are often pairwise modelled
and designed using Gaussian likelihoods to ease inference and reduce computation time.
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Figure 2.4 — CNN-based cascade of detectors for body parts confidence map prediction of N
body parts. The feature extractor computes features F from the input image. Then a stack of
detectors, each composed by convolutional layers, predicts and refines confidence maps of
body parts in the image. This practice allows to incorporate training losses at every detector to
boost performance and avoid vanishing gradients during training.

This however come at the cost of lower expressiveness. Other techniques overcome this
by incorporating a more dense connection between body parts in the graph and perform
inference with a message passing mechanism (Ramakrishna et al., 2014). See Figure 2.1(b)
and (c) for an example.

2.2.2 Deep Learning Approaches

Recently, as with other computer vision tasks, CNNs have become the dominant approach for
2D pose estimation. The key advantage of deep learning methods over classical ones is that
features are automatically learned using backpropagation, removing the feature engineering
step in pursue for a more suitable image representation. These approaches also leverage the
creation of a large number databases with body landmark annotations (Andriluka et al., 2014;
Lin etal., 2014).

Deep learning methods for pose estimation often address the task as a cascade of body parts
detectors, i.e. a stack of CNN detectors that refine predictions. They form deep architectures
that regress per body part confidence maps encoding the per-pixel likelihood of body parts’
positions. Figure 2.4 illustrates such a typical architecture. First, the input image is processed
by a feature extractor, composed of several convolutional layers, that computes a representa-
tion of the image. Subsequently, these features are processed by a cascade of detectors that
predict part confidence maps. Body part detectors are composed of a set of L convolutional
layers receiving as input a tensor of shape C x H x W and predicting as output a tensor of
body part confidence maps of shape N x h x w, where N is the number of total body parts,
and h and w are the resolution of the confidence maps. Finally, 2D location of body parts are
obtained by selecting the pixel coordinates with maximum confidence.

The composition of the architecture, i.e. number of layers (depth), kernel size, and sequential
pipeline, are designed in order to exploit different aspects of the image relevant to the task.
For example, the architecture can be designed to predict more than one semantic output,
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e.g. body parts and limbs, in a multi-task learning approach where one task profits from the
context of the other. The composition property of deep learning models allows to learn very
deep models end-to-end with complex pipelines via backpropagation. In theory, the deeper
the architecture the better the quality of the predictions. However, deeper models means more
computational requirements and might nevertheless suffer from optimization problems.

In the remaining of this section we introduce recent methods for single and multi-person
settings, for both RGB and depth image modalities.

Single-Person Pose Estimation

As in classical human pose estimation, early deep learning approaches assumed image tight
crops of a single person and predict location of body parts. For example, the work presented
in (Toshev and Szegedy, 2014) uses a deep CNN to regress and refine normalized (x, y) image
coordinates of body parts. This practice is however difficult to optimize as it is highly non-
linear in the prediction layers and shows a tendency to generalize poorly. The most extensively
used convention is to use a deep CNN to output body part confidence maps as it has shown to
have better generalization and sub-pixel accuracy (Wei et al., 2016).

(b)

Figure 2.5 — Hourglass archictecture. (a) Hourglass module with downsampling, upsampling
and skip connections. (b) Stack of hourglass for human pose prediction.

A plethora of approaches have emerged following these techniques proposing a very broad set
of CNN architectures exploiting hierarchical features (Wei et al., 2016; Wang et al., 2016) or
combining features at different semantic levels from inner layers (Newell et al., 2016; Hu and
Ramanan, 2016; Yang et al., 2017). These early approaches modeled body part relationships
by introducing context with large convolution kernels and very deep architectures. One of the
most commonly used architecture is the HourGlass network (Newell et al., 2016). It comprises
a cascade of UNet-like (Ronneberger et al., 2015) detectors as an encoder-decoder architecture.
Each detector constitute a series of downsampling, upsampling and skip connections allowing
to capture both contextual (arising from the lower resolution features) and local information
(introduced by the skip connections). This upsampling strategy allows the architecture to
learn to predict confidence maps at larger resolutions, obtaining good precision while being
relatively efficient.
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(a) Input image (c) Limb vector fields (d) Detected skeletons

Figure 2.6 — Illustration of multi-person pose estimation with part affinity fields (limb vector
fields)for body part association.

Multi-Person Pose Estimation

From a methodological perspective, multi-person pose estimation methods can be organized
into top-down and bottom-up approaches. Top-down techniques first use a person detector
(e.g. (Redmon et al., 2016)) to localize people in the image and then predict body landmarks
for each of the individual detections (Chen et al., 2018). This approach leverages existing
single-person techniques for the multi-person scenario. Conversely, bottom-up techniques
first employ body part detectors to localize anatomical landmarks in the image (Insafutdinov
etal., 2016). Subsequently, these detections are associated to build detections of individuals by
exploiting a body structure connectivity (e.g. a tree). Despite the excellent results of top-down
techniques, they are generally slow given that the computational cost grows with the number
of detected people. We focus this review on bottom-up approaches.

Besides the body landmark detection of individuals, an important challenge in bottom-up
methods is to perform the pose inference, i.e. the generation of person skeleton from the pool
of detected body landmarks. Considering all possible combinations of detected body parts is
non-feasible, and even a small amount of combinations is very time consuming (Pishchulin
et al., 2016). To improve body part association and also reduce inference time, methods often
introduce explicit spatial relationships between pairs of body parts in the CNN architecture
and rely on multi-task learning for jointly infer body parts and their association (Cao et al.,
2017; Fabbri et al., 2018; Sun et al., 2019).

The work presented by Cao et al. (Cao et al., 2017) has successfully applied the concept of
cascade of detectors to build a CNN architecture for multi-person pose estimation with real-
time performance. Figure 2.6 presents an overview of the pipeline. Their model first extracts
features from the image with a deep feature extractor and then relies on a sequence of stacked
layers to refine predictions. All the detectors in the cascade predict gaussian confidence for
the location of body parts and vector fields encoding body parts pairwise dependencies. Such
dependencies provide both the location and orientation of the body limb connecting two
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Figure 2.7 — [llustration of 3D pose estimation with missing landmarks as in (Li et al., 2015).
Pairs of 3D and 2D body pose (a) are mapped to a joint embedding (b) with neural networks. (c)
3D pose is estimated from 2D pose with self-occlusions by mapping it to the joint embedding.

body parts, e.g. forearm is connecting the elbow to the wrist. To generate pose estimates the
approach solves a bipartite matching problem considering only pairs of body parts connected
in a tree-like skeleton. The method takes as input a given limb type, e.g. forearm. All detected
body landmarks that form such limb type (wrists and elbows) are connected one to one,
forming potential limbs. The connections are weighted by averaging the predicted vector field
along the line that joins the pair of body landmarks. Connections with high confidence are
kept while the others are discarded.

2.3 3D Human Pose Estimation

While there has been methods aiming at solving partial pose estimation, like extracting the
body and head orientation for social behavior analysis in surveillance scenarios (Chen et al.,
2011a), in general 3D pose estimation methods aim to estimate the full 3D coordinates of body
parts of people appearing in an image, in a given coordinate reference system. Solving the
problem usually consist of finding the 3D pose that better fits both the physical properties of
the human body (anthropometry) and the 2D body part observations.

Here as well DNN have become the mainstream techniques, greatly improving over previous
feature based methods (Chen et al.,, 2011b). This has led to the emergence of a large number
of methods addressing 3D pose estimation from the monocular RGB case as well as in depth
images. In the following we review relevant literature for this thesis grouping it by monoc-
ular RGB approaches and depth image based approaches. We also review literature for the
multi-person settings. We focus on state-of-the-art estimating 3D body skeletons rather than
approaches that estimate 3D mesh representations, e.g. (Xu et al., 2021).
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2.3.1 Monocular 3D Pose Estimation

The monocular case problem is usually addressed as finding the 3D skeleton that when
projected on the image plane, approximates the 2D detected landmarks. Estimating 3D points
from 2D ones is an ill-conditioned problem: there are many 3D points configurations that can
result in the same 2D projection. Therefore, methods have to rely on constraints related to
physical measures and priors of plausible pose configurations.

Early approaches first localized body parts in the image and coupled these with 3D pose priors
that model body part kinematics (Sigal et al., 2011; Ramakrishna et al., 2012). The problem is
formulated as finding a set of body poses from an over complete dictionary B, such that their
linear combination minimizes the projection error with respect to the 2D pose x

mainllx—M(Ba+py)||+/1||a||, 2.2)

where p, is the mean pose, M is the projection matrix and « is a vector of basis coefficients
which have to be estimated. The pose dictionary B normally represents 3D pose basis com-
puted from training data with PCA. Eq.(2.2) is normally solved by further imposing physical
constraints such as anatomical proportions (Ramakrishna et al., 2012) and motion ranges
(angles) of body’s articulations (Akhter and Black, 2015).

Deep learning-based methods inspired from these early approaches relying in accurate CNN-
based 2D pose estimation and NN regression schemes to solve the 3D pose estimation task.
We group the literature into two main threads: similarity and learning-based methods.

Similarity-based Methods

Approaches in this category usually extend early works by still formulating the problem as
a projection error minimization like Eq. 2.2, but use a deep CNN instead of classic machine
learning predictors to accurately localize 2D body parts. Nevertheless, body part detectors are
not perfect and still can introduce errors, i.e. missing body parts due to error or self-occlusion.
Reasoning about occluded or missing body landmarks from 2D detections is problematic
given that, at some degree, body anatomical properties are lost in the 2D projections.

One of the recent trends in the literature is to overcome missing landmarks by representing the
prior information as pairs of 2D and 3D body skeletons. These methods rely in a large database
of pairs of 3D skeletons with corresponding 2D projections in different viewpoints. See
Figure 2.7 for an illustration. 2D and 3D skeletons are projected to a learned joint embedding
where 2D skeletons (even incomplete ones) map to their complete 3D configurations (Li et al.,
2015). Then, 3D pose inference from an incomplete 2D skeleton is reduced to compute a
similarity search over the dataset of pairs using the learned embeddings. For example, the
works presented in (Chen and Ramanan, 2017; Rogez et al., 2019a) follow this approach and
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use the Nearest Neighbour algorithm to efficiently perform the search.

Learning-based Methods

Methods in this thread leverage DNN models to directly predict the 3D locations of the
body parts using a regression setting. Several type of approaches are in the literature that
regress volumetric confidences (Pavlakos et al., 2017) or 3D coordinates (Habibie et al., 2019).
Although simple, the 3D coordinate regression has proved to be an effective and efficient
solution. We target the rest of this short review to methods predicting 3D coordinates of body
parts.

Regression methods receive as inputs any image observations, e.g. feature maps, image crops,
etc. Perhaps the most simple approach is to use 2D body detections to regress 3D body parts
with fully connected networks (Martinez et al., 2017b). The processing pipeline is simple: a
neural network regressor f receives an input 2D body pose x2p processes the input with a
sequence of layers and computes the corresponding 3D pose.

In practice, the neural network regressor f can be composed of several stacked fully con-
nected layers with ReLU activations and dropout regularization. The final fully connected
layer (output layer) architecture can incorporate prior information about the structured de-
pendencies of the human body which are convenient to reconstruct the 3D pose (Aksan et al.,
2019). For example, the output layer can be divided into several small ones and specialize
each one to predict an specific body part type. Then, to infer a body part type [;, e.g. wrist,
its corresponding network is fed with the prediction of parts /; that are adjacent to it such as
elbow and shoulder, following a skeleton model like in Figure 2.1.

More information about the body structure can be incorporated in the form of regularization
during training. For example, the work presented in (Sun et al., 2017) introduces a composition
loss that incorporates consistency on the anthropocentric dimensions. The loss penalizes
kinematic chains (entire extremities comprising different body parts e.g. shoulder, arm and
forearm), which lengths do not comply with the ones observed in the ground truth.

2.3.2 3D Pose from Depth Images

The depth data modality has also been largely exploited in the literature. Contrary to the
monocular RGB case, the depth measurements removes the depth projection ambiguities and
provides the 3D information of the scene via a point cloud, i.e. a list of X, Y, Z coordinates
computed with the depth camera parameters. We review the most relevant classical and new
deep learning-based literature.
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Figure 2.8 — (a) Offset regression voting for 3D pose prediction from depth surfaces. (b)
Ilustration of voxelized representation of a hand depth surface as computed in (Moon et al.,
2018).

Early Classical Approaches

As with the monocular RGB color case, early techniques relied on optimizing an energy
function to fit a 3D skeleton to image observations. Such methods search one-to-one corre-
spondences between a point cloud and a general 3D mesh model of the human body, applying
if necessary a series of transformations (rotation and translation) to the 3D mesh. One of the
most popular search algorithms is the Iterative Closest Point (ICP) and has been widely used
in 3D pose estimation (Ye et al., 2011).

Besides searching, one-to-one correspondences and transformations can also be learned
from data. This setting requires a dataset of depth images paired with aligned 3D meshes.
The strategy consist on learning a joint distribution of depth surfaces and correspondent
vertices of the 3D model in an embedded space. At test time, instead of search, one-to-
one correspondances are predicted, e.g. with random forest (Taylor et al., 2012). Learning
correspondences was also the approach used by (Shotton et al., 2012). However, instead of
predicting transformations, they follow an offset regression approach to localize body parts.
First they classify pixels as a body parts. Then, 3D offsets are predicted from each surface pixel
to the interior location of the body part skeleton. Weighted voting is used to generate the final
3D predictions of the skeleton. See Figure 2.8(a).

Deep Learning-based Approaches

Deep learning methods have largely followed the approach of predicting 3D coordinates from
an input image crop. Deep network models are presented with either raw depth data (Guo
et al., 2017) or a relatively expensive voxelized representation (Figure 2.8(b)). The goal is
to compute an image representation that encodes 3D information from the depth image
and exploit it to localize body landmarks. In theory, the representation can model global
3D information of the scene as well as rigid transformations. The work presented in (Haque
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et al., 2016) aims at learning a depth image representation that is invariant to different camera
perspectives. Image patches are transformed with a CNN to a voxelized space where body
parts from different camera views have the same semantic meaning. 3D coordinates of body
landmarks are predicted from this voxelized space using a Recurrent Neural Network (RNN)
that refines the 3D coordinates sequentially. 3D-specialized deep learning architectures have
also been used. Another example is the work presented in (Moon et al., 2018) where depth
images are transformed into a voxelized representation and processed with a 3D-CNN to
predict the body landmarks in the form of 3D Gaussian likelihoods. Though the voxelization
of the 3D space seems an appealing 3D data representation, most of the space tends to be
empty. As a consequence, the 3D-CNN is a rather computational expensive approach.

2.3.3 Multi-person 3D Pose Estimation

Multi-person 3D pose estimation can leverage from any of the previous methods by taking one
single person instance at a time to predict 3D coordinates. With the advances on multi-person
2D pose estimation and efficient object detection architectures like the Fast Regional CNN
(R-CNN), a new trend has emerged where multi-person 3D pose estimation is addressed in
a single pass. These methods heavily rely in the anchor proposal scheme of the R-CNN to
identify person region proposals and further predict 3D pose. Usually, the pipeline consist on
first generating anchor proposals of image regions with individuals. Then, a filtering process
is applied to discard ambiguous anchors where people appear heavily overlapped. Finally, a
3D coordinate regression network is used to generate the body landmark coordinates for each
persistent anchor using their corresponding image features. Techniques of this kind usually
exploit the filtering process to enhance the 3D predictions. The work in (Rogez et al., 2019b)
filters proposals by classifying the regions as potentially containing an "anchor pose” from
a dictionary of poses. The identified anchor poses are further refined with a neural network
regressor to output the predicted 3D pose. A fine-level strategy is adopted by (Benzine et al.,
2020) using a 2D pose-aware filtering process. Instead of relying in entire regions to measure
overlap, their model is trained to disregard region proposals with heavily overlapped 2D body
landmarks.

2.4 3D Motion Prediction

An important component for human behaviour understanding resides in the ability of a
system to comprehend the human motion. Human motion prediction is an essential part of
the human behaviour understanding pipeline given that it provides the capacity to estimate
human intentions. Despite its applications in different domains, e.g. visual surveillance or
human-robot interaction, human motion prediction remains a challenging task. On one side,
human motion is a non-linear system with high degree of uncertainty due to the articulated
structure of the body. Although the movement of the body parts is highly correlated, these
properties are hard to model in learning systems. On the other side, body movement is largely
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correlated with the activity being performed and influences person intentions.

We understand as human motion a continuous sequence of time dependent observations of
a person performing a certain activity, i.e. walking, taking a cup, etc. Different works have
studied motion prediction from temporal sequences of different kinds of observations, i.e. 2D
body landmarks (Raaj et al., 2019), and 3D body landmarks (Martinez et al., 2017a). In this
short review, we focus on motion prediction from sequences of 3D body landmarks such as in
the setting illustrated in Figure 2.9.

A motion sequence is considered as the temporal sequence of 3D poses X = {x;.7} where
x; € RN are N-dimensional pose vectors. Generally, the sequence has been modelled in an
autoregressive setting factorizing the joint probability as a product of conditionals

T
pX) =[] p&xelxize-1). 2.3)
=1

At time step ¢ the next pose is predicted given all the past poses. Early classical machine
learning methods made Markovian assumptions to ease inference by writing the temporal
conditionals as p(x;|x;—1) (Lehrmann et al., 2014; Fleet, 2011). Additionally, the dynamics of
the body assumed smooth transition between poses of two consecutive time steps such as
x:+1 = VY (x¢) + 1, where 77 is a white noise random variable and W (-) is a transition function.
The transition function ¥ (-) has adopted different models from linear functions (Fleet, 2011)
to Gaussian processes for regression (Urtasun et al., 2006). For example, the work presented
in (Sigal et al., 2011) coupled 3D pose estimation and motion by modelling the relationships
between body parts with a mixture of Gaussian kernels that accounted for body kinematic
constraints. Belief propagation was used during inference to estimate motion and pose.

Amid deep learning, human motion prediction has been addressed with deep learning-based
methods such as Recurrent Neural Networks (RNN) with LSTM or GRU units. We focus the rest
of this review in more recent deep learning-based methods.

2.4.1 Deep Learning for Motion Prediction

Recently, a family of methods using deep RNN have shown great improvements in human
motion prediction. The biggest advantage of these approaches is that they make less assump-
tions about the dynamics of the human body and motion, and instead they attempt to learn
these from data. The current available datasets with millions of examples (Ionescu et al.,
2014; Mahmood et al., 2019) have allowed learning deep models with outstanding prediction
performance for short and long term time horizons.

Deep learning-based methods address human motion prediction as a sequence-to-sequence
modelling problem with a encoder-decoder architecture where the goal is to model the con-
ditional probabilities P(Y|X;#) with model parameters 8. We can set the problem as follows:
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Figure 2.9 — Simplified overview of human 3D motion prediction. A temporal sequence of T
continuous 3D pose elements are input to a motion predictor. The predictor generates the
most likely immediate sequence of M 3D pose elements.

Figure 2.10 — Illustration of (a) autoregressive and (b) non-autoregressive motion prediction.

given a temporal sequence of body poses X = {x;.7} we seek to predict the most likely immedi-
ate following motion sequence Y = {y;.)s}, where x;,y; € RN are N-dimensional pose vectors.
We group the different techniques in autoregressive and non-autoregressive methods.

Deep Autoregressive Methods

Figure 2.10(a) illustrates the autoregressive setting with an encoder-decoder architecture.
First, the encoder takes the conditioning motion sequence x;.7 and computes a contextual
representation z;.7. The decoder then generates pose vectors y; one by one taking the context
z1.7 and its previous generated pose vectors y;«;.

Early deep learning approaches used stacks of RNN units to form encoder and decoder archi-
tectures. Though they achieve good overall performance, predictions suffered of a catastrophic
drift. The drift refers to the convergence of pose predictions to the mean pose in long term
time horizons as a cause of the error accumulation by predicting in an autoregressive fashion.
The work in (Fragkiadaki et al., 2015) addressed the drift by including an error scheduling
to gradually add Gaussian noise to the input observations and increase robustness to noisy
observations. This scheduling however, turns out very hard to tune in practice. Other meth-
ods include an adversarial loss to reduce error accumulation and enhance the quality of
predictions at long term (Gui et al., 2018; Hernandez et al., 2019). For example the work
in (Hernandez et al., 2019) proposes a Generative Adversarial Network (GAN) as an approach

24



2.4. 3D Motion Prediction

to generate plausible motion at longer horizons. Their architecture consist on a convolutional
generator designed to preserve temporal coherence and a set discriminators that enforce
anthropomorphism and realistic motion in longer horizons. Instead of training the GAN to
perfectly match the ground truth, the framework is trained to match the ground truth distribu-
tion in a human motion manifold. While these adversarial settings boost performance, their
training is rather complicated and hard to stabilize due to the use of multiple discriminators.

Besides long term error accumulation, short term predictions also suffer from large discon-
tinuities between last observation xr and first prediction y;. The discontinuity had been
shown to be so severe that simple running average and zero-velocity (predicting always xr)
baselines performed better than complex RNN models. This shortcoming has been addressed
by modelling the velocities between predictions (Martinez et al., 2017a) or introducing the
body structure dependencies during decoding (Aksan et al., 2019). The method introduced
by (Martinez et al., 2017a) addressed the task with a single layer RNN architecture shared
between encoder and decoder. To reduce the discontinuity they include a residual connection
in the autoregressive decoding between predictions y; and y;—;. The residual connection has
the effect of incorporating velocities and adds smoothness between consecutive predictions.

Since the breakthrough of the transformer neural network (Vaswani et al., 2017), attention-
based approaches have recently gained interest for modelling human motion. Given their
infinite memory, attention modules are capable to identify individual parts of the complete
input sequence that are relevant for prediction. For example, the work presented in (Wei
et al., 2020) exploits a self-attention module to attend the input sequence with a sliding
window containing a small subsequence of the same input. Ideally, attention should be
larger in elements of the input sequence that repeat with time, even for not periodic activities.
Prediction works in an autoregressive fashion using a GCN performing from the attention
embeddings. Along the same line (Aksan et al., 2021) introduces an spatio-temporal self-
attention module to explicitly model the spatial components of the sequence, in an attempt
to model the relationships between the different body parts. The approach processes the
sequence with two separate self-attention modules: a spatial and a temporal module, working
over a sequence of 3D points and over a sequence of 3D skeletons respectively. The resulting
attention maps are aggregated with feedforward networks and elements are predicted in an
autoregressive manner.

Non-autoregressive Modelling

Most neural network-based models for sequence-to-sequence modelling use autoregressive
decoding: generating entries in the sequence one at a time conditioned on previous predicted
elements. Such approach have two major shortcomings. First, autoregressive models are
prone to propagate prediction errors. Elements in the predicted sequence are conditioned
to already spurious observations, which naturally increment their error contents. Second,
autoregressive modelling is not parallelizable causing deep learning models to be more com-
putationally intensive. An example of this shortcoming is the transformer neural network
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used in recent machine translation (Vaswani et al., 2017; Radford et al., 2019). During training,
the architecture allows parallelization with look ahead masking. Yet, at testing time, the use of
an autoregressive setting makes it difficult to leverage the parallelization capabilities. Recent
efforts have sought to parallelize decoding with transformers to allow for an efficient testing
phase in different domains such as in machine translation (Gu et al., 2018) and in visual object
detection (Carion et al., 2020).

In principle, non-autoregressive decoding in a encoder-decoder architecture functions as
illustrated in Figure 2.10(b). First, the encoder generates a contextual representation z;.r
of the input sequence. Then the decoder uses it to generate M predictions in parallel drop-
ping the autoregressive connectivity. This approach exhibits complete temporal conditional
independence as prediction only depend on the source sequence. Hence, it is a poor approx-
imation to the true target temporal distribution. To overcome this limitation recent efforts
in machine translation include temporal information by modelling the ordering of the target
sequence (Bao et al., 2020) or by predicting fertilities to replicate elements from the input
sequence (Gu et al., 2018).

Parallel decoding has also being explored in the human motion prediction domain. Clearly, the
most challenging aspect is to represent the temporal dependencies for decoding predictions.
Most of the solutions in the literature provide additional information to the decoder that
account for the temporal correlations in the target sequence. Different methods have been
proposed relying in decoder architectures that exploit temporal convolutions (Li et al., 2018),
feeding the decoder with learnable embeddings (Li et al., 2021), or relying in a representation
of the sequence in the frequency domain (Wei et al., 2019). The work presented in (Wei et al.,
2019) represents the temporal dependencies using the Discrete Cosine Transform (DCT) of
the sequence. During inference a Graph Convolutional Network (GCN) predicts the DCT
coefficients of the target sequence. However, to account for smoothness, during training, the
GCN is trained to predict both input and target sequence DCT coefficients. The approach
presented in (Li et al., 2018) performs a similar approach by modelling separately short term
and long term dependencies with temporal convolutions. Their decoder is composed of a
short term and long term temporal encoders that move in a sliding window. Short and long
term information are then processed by an spatial decoder to produce pose frames.

2.5 Domain Adaptation

When performing supervised learning we commonly assume that samples used for both
training and testing phases follow the same probability distribution. However, this assumption
is not always fulfilled in real world applications due to the difficulty in collecting data with
annotations in the target scenario (target domain). One solution consist of using available
data in one or more related source domains, learn a predictor in these domains and apply it to
the target domain. However, such an approach provokes a degradation in the generalization of
the trained model since our training and testing data distribution assumption is not fulfilled.
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This situation gives rise to the situation called covariate shift(Sugiyama and Kawanabe, 2012).

The rest of this section is organized as follows. First, we review state-of-the-art methods
that address the need of data with annotations by using synthetic data, which gives rise to
the covariate shift. Then, we introduce a family of approaches that apply deep learning-
based domain adaptation techniques to address the mismatch between training and testing
distributions.

2.5.1 Learning from Synthetic Data

Learning models for human pose estimation requires data with high quality body joint an-
notations for supervised learning. For recent deep learning approaches that aim to learn
powerful deep networks, having a large and varied dataset with annotations is even more
vital. Despite the available datasets, some applications might need a different set of input
data or annotations, e.g. 3D landmarks, different camera perspective, body segments, etc.,
making collecting annotated data very expensive. A trend in human pose estimation research
overcome this challenge with the use of computer graphics to synthesize training data. This
allowed to improve the state-of-the-art in 3D human pose estimation in the wild (Chen et al.,
2016) and to target specific surveillance scenarios like security airlocks (Villamizar et al., 2018,
2020)

The grounds of data synthesis with computer graphics is to use motion simulation with a set
of 3D human characters. In most cases, this implies to use a motion re-targeting algorithm to
transfer motion sequences to the 3D characters. The motion sequences have been previously
recorded with Motion Capture (MoCap) sensors inside a studio. Images are then generated
by rendering graphics scene from a set of virtual cameras. Given that all information about
the geometry of the scene can be accessed, annotations (2D and 3D landmarks, 3D meshes,
segmentation masks, etc.), can be extracted at rendering time. However, achieving a level of
image realism is challenging and requires expert knowledge about the final target scenario,
e.g. statistics of depth sensing errors (Shotton et al., 2012). Some works have address this
challenge by including indoor type of objects in the scene (Varol et al., 2017) or using realistic
gaming engines (Fabbri et al., 2018).

2.5.2 Unsupervised Domain Adaptation

Domain Adaptation (DA) refers to transfer learning aiming at learning a predictor in the
presence of the covariate shift. In general, it is assumed that the task in the source and target
domains is the same and that the domains are related but not identical. In computer vision
applications the situation arises for instance from changes in lighting conditions, background,
and object pose but the mismatch can be more severe when, for example, image types are
different (color and depth) or target sensors are subject to different types of noise (Patricia
etal., 2017). An example more related to this thesis is when the covariate shift emerges when
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learning models from synthetic images and test them with real images.

The literature in domain adaptation can be separated depending on whether the domains
are homogenous and heterogeneous. The former case emerges when source an target are
represented in the same feature space, while the latter appears when domains can have
different representations. It can also be distinguished depending on the availability of domain
labels, leading to unsupervised or semi-supervised methods.

The rest of this section summarizes techniques of domain adaptation for recent deep learning
applications. We focus in unsupervised domain adaptation which assumes that no labeled
data is available in the target domain.

Unsupervised Deep Domain Adaptation

The premise of a domain adaptation technique is often to learn a data representation that is
invariant between domains. Unsupervised domain adaptation pursues to learn a model in
the target domain for which there is data with no labels, using the available labeled data in
the source domain to achieve the prediction task. One of the pioneer works in unsupervised
domain adaptation is the work presented in (Glorot et al., 2011) applied to sentiment clas-
sification. It introduced an approach that learns a feature representation of the source and
target domain by reconstructing the input data with denoising auto-encoders. The learned
auto-encoder representation is then used to classify sentiments from reviews with SVM.

Current deep learning methods usually follow a DNN architecture with two branches: a
prediction and an adaptation branch, both sharing a feature extractor network. The prediction
branch is trained for the task at hand, e.g. classification. The adaptation branch is trained to
encourage a common feature space for both domains. Additionally, it is in charge of measuring
the difference between the feature representation of both domains, evaluating the alignment
of data transformations by a discriminative process.

The adaptation component most broadly used is an adversarial discriminative model. This
approach learns a common feature space between domains by aiming to confuse a domain
discriminator (Long et al., 2016; Ganin et al., 2016). For example, the work in (Ganin et al., 2016)
proposes a discriminative approach to learn domain invariant features for image classification.
The method jointly learns an object class and domain predictors relying on shared features
between the two tasks computed with a deep CNN. Learning is performed by minimizing the
image classification loss while maximizing the error on domain classification loss. The learned
feature representation should encode global image information that is invariant across input
domains.

In addition to achieving invariance representation at the global image level, other approaches
seek fine grained invariance at local pixel level (Hoffman et al., 2018) or at object class
level (Venkateswara et al., 2017). The work presented in (Hoffman et al., 2018) employs
an image-to-image translation approach to enforce consistency in the semantic feature space
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during adaptation. The goal is to reconstruct the input image from the adapted feature repre-
sentation, hence enforcing that detailed local pixel statistics are taking into account during
adaptation.

2.5.3 Beyond image classification

The majority of domain adaptation methods in computer vision focus on image recognition
from color images, with relatively few working in another modality or tasks. Moreover, source
and target domains differ mainly in objects perspective, image background and lighting. The
work in (Venkateswara et al., 2017) goes a step further by transferring domain knowledge from
RGB images to sketches.

Very few works explore domain adaptation in other modalities. The work in (Patricia et al.,
2017) studies state-of-the-art domain adaptation techniques for object classification from
depth images. It uses different RGB-D datasets and attempts to transfer domain knowledge
for classification between modalities. However, it shows that there is an intrinsic difficulty in
performing adaptation given that noise in depth images is significantly more persistent and
different between sensors compared to that among RGB images.

Amongst the non-classification task related to this thesis is the approach of (Chen et al., 2016)
which applies domain adaptation for 3D human pose estimation learned from synthetic data.
The method follows the domain adversarial fashion with a two branched architecture, i.e. a
3D pose regressor and a domain classifier sharing a feature extractor.

2.6 Model Compression and Knowledge Distillation

Recent advances in computer vision tasks rely in increasingly deep CNN architectures in order
to achieve better performance. In the ImageNet challenge (Russakovsky et al., 2015), where
the task is image classification, in each competition a new deeper and larger DNN architecture
was introduced beating previous challenge results. The compositional advantage of deep
learning methods allows to design very deep models, with some of them comprising hundreds
of layers (He et al., 2016). Figure 2.11 shows the classification accuracy of the most popular
models applied to the ImageNet challenge, and compares them in terms of floating operations
and number of parameters.

Although deep networks produce outstanding results, these design choices give rise to certain
disadvantages. We note that DNNs with large model capacity and many parameters achieve
good generalization performance. However, larger architectures imply more need for data and
engineering to setup the training hyper parameters, e.g. learning rate, regularization, etc. Addi-
tionally, these over-parameterized models have no incentive for speeding up inference. Thus,
the models are binded with large computational costs, hindering their practical application in
scenarios with very low computational budget as in HRI.
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Figure 2.11 — Accuracy vs size comparison of state-of-the-art architectures in ImageNet chal-
lenge for image recognition (source (Canziani et al., 2016)).

In this section we review a set of methods that aim to overcome the large computational cost
of DNN models by reducing their size without necessarily degrading performance. We group
the methods in model compression and knowledge distillation.

2.6.1 Model Compression

Model compression aims at removing unnecessary parameters in a DNN model to produce a
lighter and more efficient version. The compression process can be applied in different ways.
On one hand, it can be applied to already trained models by removing some of its parameters
that are found as unnecessary. On the other hand, lightweight architectures designs aim at
directly increasing speed by exploiting different convolution strategies.

Channel pruning methods are among the most used techniques for model compression
of pre-trained models. Channel pruning is performed during training and aims at remov-
ing convolutional filters that produce statistically very low activations during the learning
process (Molchanov et al., 2017).

Other recent lightweight architectures have been proposed in the field of image classification
aiming at reducing computational cost without hurting the overall performance. For example,
the MobileNet (Howard et al., 2017) architecture factorizes standard convolutions in order
to reduce the model size and increment the speed. For a kernel of size Dg and feature map
resolution of Dr x Dr the standard convolution have a cost of Dg - Dg-M-N-Dp- Dp, for M
and N input and output channels. The MobileNet architecture factorizes the convolution into
depthwise and pointwise convolutions, which perform per channel convolution and merging
separately. The final reduction of computation is of 1/N +1/ Df(. Similarly, the SqueezeNet
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model (Iandola et al., 2016) constrains the number of input feature channels of layers with
large kernel size. These architecture designs have made a tremendous gain towards efficiency,
with some of them being able to run 50 times faster than their deeper counterpart with small
loss in performance.

2.6.2 Knowledge Distillation

Knowledge distillation is a line of research that pursues reducing the size of models without
hurting performance. The objective of knowledge distillation is to transfer the generalization
ability of a large and accurate DNN model, named the teacher, to a small and lightweight
model, called student. The main idea is that this generalization ability the teacher lies in the
activations of the model rather than in its parameters and therefore such activations contain
valuable information about how the model tends to generalize.

The pioneering work of (Hinton et al., 2015) showed how the student model can acquire the
teacher knowledge using the teacher activations as soft targets. These activations implicitly
contain information about the difficulty of the samples, e.g. ambiguity between classes, un-
certainty due to difficult imaging conditions. The learning framework consists of mimicking
the teacher activations by minimizing a weighted average of losses based on the ground-truth
labels and the prediction of the teacher model.

Other forms of distillation focus on using the teacher activations to guide the learning stage of
the student. For example, matching the teacher and student Jacobians of the learning objective
as in (Srinivas and Fleuret, 2018) to regularize distillation, or using the teacher activations
as bounds for distillation in regression settings (Chen et al., 2017). Recent works have also
pursued mimicking inner teacher activations in an attempt to also distill data representations.
For example, the work in (Romero et al., 2015) have proposed to introduce "hints" as an
attempt to additionally mimic the activations of a given hidden layer of the teacher.

2.7 Conclusion

This chapter presented the state-of-the-art of methods for the different components of the
human behaviour pipeline that we study in this thesis.

First, we introduced the task of 2D pose estimation. Current deep learning-based techniques
rely in deep and large CNN architectures trained with large amounts of color images with
annotations. This practice however prevents to deploy CNN-based systems in applications
with low computational budget like HRI scenarios. In contrast, we focus on 2D pose estimation
using depth images with lightweight efficient CNN architectures. We design our architectures
with a cascade of detectors and heavily use Residual, Mobilenet and Squeezenet modules al-
lowing to perform fast inference in real-time. A novelty of our work is that we apply knowledge
distillation for body landmark detection by strongly coupling distillation with the process of
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refining predictions, compared to simple knowledge distillation or learning with hints. This
process allows us to go even further in efficiency as we reduce computational cost without
hurting performance.

We presented different approaches that use synthetic images to address the lack of data
with annotations for training. In our work we also generate synthetic data for our learning
step and we investigate domain adaptation techniques to address the mismatch between
training and testing distributions and prevent our learned models from the performance drop.
However, different to most domain adaptation works, which focus in object classification tasks
in settings with few domain differences (objects perspective, image background and lighting),
we analyse unsupervised domain adaptation for a regression task. Additionally, we contrast its
limitations with simple finetuning and data transformations approaches.

We discussed different deep learning-based trends to predict human pose in 3D coordinates.
One of the most popular approaches is to make predictions using a regression scheme from
2D points or image crops. A drawback of these methods is that they predict the 3D coordinates
with respect to a root joint that is assumed to be known in advance, or which in practice needs
to be predicted as well. Moreover, to handle the multi-person case, a person detector is still
needed as a first step followed by forward passes of the 3D pose predictor for each person
instance. In the case of using image crops as inputs the methods rely on preprocessing steps
such as voxelization which can be relatively heavy, increasing the computational cost. In our
work, we perform 3D pose estimation from depth images exploiting the depth information to
decouple the task in two main steps:2D multi-person pose estimation and 3D pose regression.
Our 2D pose estimation approach benefits from accurate and efficient CNN architectures
while 3D pose estimation is performed efficiently by directly regressing the 3D coordinates
from the 2D ones in two substeps: 1) a simple but effective scheme which lifts the 2D estimates
to 3D using the depth image information and pose priors(to handle partial occlusion); and
2) a novel efficient residual pose 3D regression method that works on this set of points. Our
approach is computationally lighter for multi-person HRI settings since compared to CNNs
applied to image crops for 3D pose prediction the cost of our 3D regression scheme is much
smaller and proportional to the number of people in the scene.

Finally, we reviewed a family of deep learning-based approaches for human 3d motion pre-
diction in both settings, autoregressive and non-autoregressive decoding. We noted that
most methods rely in autoregressive settings using RNNs. However, these methods suffer
from error accumulation arising by predicting motion sequences from spurious predictions.
Additionally, autoregressive decoding prevents from parallelizing inference and increases the
computational cost of models such as transformers. Our work on 3D motion prediction lies
within the techniques that use attention for prediction. However, our approach is framed in
a non-autoregressive decoding, using a transformer with self- and encoder-decoder atten-
tion. In contrast, to methods using only self-attention modules, this allows us to exploit the
infinite encoding memory of transformers to find elements in the input that are relevant for
prediction while allowing for parallel prediction to reduce computation time during inference.
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2.7. Conclusion

Contrary to state-of-the-art methods with non-autoregressive decoding we not incorporate
any prior information of the temporality of the sequences, like using the DCT coefficients of
the sequence, and let the transformer to learn other suitable representations.

33






8] Depth Image Databases

A critical element for any machine learning-based method is to have a varied and represen-
tative dataset for the learning stage. In the human pose estimation and behaviour analysis
literature earlier datasets contained simple single-person image centered examples with very
few images for training and testing, e.g. the LSP dataset (Johnson and Everingham, 2010) with
only 1K. In recent years an increasingly number of datasets with annotations have been made
available for supervised learning. Images in such datasets are labeled with the location of
body parts in image coordinates, instance segmentation mask, and activities, and are largely
more varied exhibiting more challenging setups like multi-person scenarios, profile views, oc-
clusions, etc. Some common datasets contain thousands or even millions of images collected
from the internet (Lin et al., 2014; Andriluka et al., 2014) or obtained with Motion Capture
(mocap) environments (Ilonescu et al., 2014).

Although currently most databases use color information (RGB), in this thesis, we focus on
depth images. Contrary to RGB images, which have a high diversity of color and texture
content, a depth image contains mainly shape information making them relatively simpler
while still containing rich and sufficient information for efficient human pose estimation, as
shown by Shotton et al. (Shotton et al., 2012) They may thus necessitate less complex models
to accomplish the pose estimation task.

This chapter introduces the datasets we use throughout our experiments. We consider two
types: a synthetic depth image dataset which we generate with the aim of addressing the need
of a large training corpus, and real image datasets that we use for finetuning and evaluation.
First, we describe our process to generate our large scale dataset of synthetic depth images.
Then, we describe the real depth image datasets.
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Figure 3.1 - (a) Sample 3D characters with different body features and outfits (b) 3D characters
retargeted with different CMU-Mocap sequences.

3.1 Synthetic Depth Image Dataset

3.1.1 Synthesizing Images of People

In spite of the existing datasets, large quantities of labeled data are not always available for
specific application or are expensive to produce. Therefore, researchers have investigated the
use of computer graphics to synthesize large datasets when the application requires a different
set of annotations, e.g. human 3D pose estimation (Fabbri et al., 2018; Chen et al., 2016) or
3D character manipulation (Lassner et al., 2017). Addressing the lack of data with synthetic
images brings the following benefits: high quality annotations are extracted at rendering
time, and variability in the dataset (i.e. human shapes, body pose, viewpoints, etc) can be
introduced to match the target scenario.

In this thesis, we address the lack of training data for human pose estimation from depth
images by synthesizing a large scale dataset of depth images of people with high quality body
landmark annotations. The generated data forms part of the DIH dataset which we released to
the public for research purposes . The following sections describe the randomized rendering
pipeline approach (Martinez-Gonzélez et al., 2020a) that we proposed to to synthesize our
data.

3.1.2 Randomized Rendering Pipeline

The challenge in generating synthetic images for model learning is how to automatically
introduce enough variability and to achieve a certain level of image realism. For the human
pose estimation setting, we need to consider the following points:

¢ The human body exhibit a large range of pose configurations.

¢ Physical features of people and clothing increase the variability of body shape.

Ihttps:/ /www.idiap.ch/dataset/dih
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3.1. Synthetic Depth Image Dataset

Figure 3.2 - Randomized image synthesis pipeline. (a) Sample 3D characters with different
poses and outfits; (b) skeleton model; (c) rendered synthetic depth image sample; (d) examples
of generated colored depth mask for synthetic images with more than one person; (e) examples
of training images, combining synthetic generated bodies with real background images.

Height Body Mass
Gender | QTY | Short | Average | Tall Skinny Average Heavy
weight 70%, | weight 100%, | weight 150%,
Men 121 1.60m | 1.75m 1.90m muscle 20% | muscle 60% muscle 30%
weight 70%, | weight 100%, | weight 150%,
Women | 12 | 1.55m | 1.65m | 1.75m muscle 20% | muscle 60% muscle 20%

Table 3.1 — Summary of the physical features contained in the 3D characters collection. The
models were created with the Makehuman (Makehuman Online Comunity, 2018) software.
The physical features of the 3D models comprise different heights and different body weight.

* People in images may appear from different camera view perspectives.

* Real world scenarios normally exhibit multiple people in the images.

We address these points relying on motion simulation. Our randomized rendering pipeline
is implemented using the computer graphics software Blender (Blender Online Community,
2017). In short, we perform motion re-targeting of motion capture sequences to a collection of
3D human characters. Then, we generate depth images from different camera perspectives by
rendering the camera depth buffer. In the following, we provide a more detailed explenation
of each of the components of our randomized pipeline.
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Variability in Body Shapes

We created a collation of 24 3D human characters created with the Makehuman (Makehuman
Online Comunity, 2018) design software. These characters show variation in gender, heights
and weights, and were dressed with different clothing outfits to increase shape variations
(skirts, coats, pullovers, etc.). Table 3.1 provides a summary of the physical features of the
different 3D characters. See Figure 3.1(a) for some examples.

Variability in Body Poses

Motion simulation is used to add variability and to expand the range of feasible body pose
configurations. We performed motion re-targeting from motion capture sequences taken from
the CMU Mocap dataset (CMU Motion Lab, 2007). Among the available actions, we selected
the following ones as most representative of our target scenario: walking, jogging, jumping,
stretching, turning and various sport gesturing (shooting, blocking, etc). See Figure 3.1(b) for
some examples of 3D characters with re-targeted motion.

Variability In Viewpoint

Virtual cameras are randomly positioned in our virtual scenario to increase the variability of
the dataset. The approach is summarized in Figure 3.3(a). We proceed as follows: first, the
3D character is placed at a fixed reference point p = (x;, y;, z;), and we define a recording
zone (where we can set cameras) as a circle of 8m radius, centered at the character reference
point. We split the zone in three and randomly place a camera in each considering a margin
between the character and the camera. The coordinates of the cameras are randomly chosen

to be inside the recording zones in the range 0.5m < \/x2 + y2 < 8m and height z,, € [1.3,1.8].
Finally, the camera’s orientation is initialized such that it looks at a point a randomly chosen
between the spine and the neck of the 3D character. The orientation of the camera does not
change over the course of the rendering. Note that there is no calibration between the cameras,
rather each generates independently images and annotations.

The outcome of this process provides us with images containing observations at different
scales, partial observations of the body and different points of view that further increase the
variability in our synthetic dataset. Some rendered examples are shown in Figure 3.3(b).

Synthesis with Two People Instances

In real world scenarios, specially in HRI ones, multiple people can be observed in the field
of view of the camera sensor. In our dataset, multi-person pose estimation scenarios are
covered by adding two 3D characters to the rendering scene. During synthesis, two models
are randomly selected from the character database and placed randomly in the virtual scene,
but keeping a minimum distance between them to avoid checking for collision. Figure 3.2(c)
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Zone 3

@ (b)

Figure 3.3 — (a) Synthesizer scenario configuration. The recording zone is divided in three
zones at which a camera is randomly placed and randomly oriented towards the 3D character.
(b) Rendered samples with our randomized pipeline contain variation in viewpoints, scale
and partial observations.

shows some rendered examples.

Annotations

During rendering we extract the location of 17 body landmarks following the skeleton shown
in Figure 3.2(b). The landmarks are head, neck, shoulders, elbows, wrists, hips, knees, ankles,
eyes, and were extracted in 3D camera and 2D image coordinates.

We provide visibility labels for each of the body landmarks in the image. A body landmark is
set to visible if it is inside the image bounds and by thresholding the distance between the
landmark and the body surface point that projects onto the image at the same position than
the landmark. We generate three semantic meanings for visibility labels: a) visible landmarks,
b)invisible landmarks outside of the image bounds and, c) invisible occluded landmark. In
our experiments a landmark is only treated as visible or invisible and such information is used
to generate training ground truth.

We also provide person instance color labeled silhouette masks which can be used to determine
keypoint visibility and to perform data transformations during training, e.g. adding pixel noise
or fusing with real backgrounds (Section 3.1.4). See Figure 3.2(d) for some examples.

3.1.3 S-DIH Dataset

The generated synthetic dataset consists of 264,432 images of people performing different
types of motion under different viewpoints with 71,711 images displaying two people. We
divide the dataset into training, validation and testing folds. Table 3.2 shows the number of
images per division fold. Some examples are shown in Figure 3.2(c).
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Data fold Training | Testing | Validation
S-DIH 230934 | 22333 11165
R-DIH 6338 3927 4828
R-DIH (annotated) 1750 1000 750

Table 3.2 — Summary of the number of images in the DIH dataset. S-DIH represents the
synthetic part of the DIH dataset for which we have all the annotations. R-DIH is the real
part of the DIH dataset. We have manually annotated only a subset of images (marked with
annotated).

3.1.4 Real Background Fusion

Note that a realistic dataset needs as well realistic background content. A solution would be
to generate random background content by randomly placing 3D objects in the rendering
pipeline. This is however non-trivial as a large variety of objects is needed to cover all expected
backgrounds. Instead we propose to use background images from the target depth sensors.
This has two main advantages

1. Alarge variety of real background depth images (which do not require ground-truth)
with different contents can be easily collected than generating synthetic body images;

2. The resulting data will already contain sensor specific information that will contribute
in the generalization capabilities of the learned models.

As background images, we consider the dataset presented in (Silberman et al., 2012) containing
1367 real depth images recorded with a Kinect v1 and exhibiting depth indoor clutter, and we
divided it into training, validation and test folds. When training our deep learning models,
images were produced on the fly by randomly selecting one depth image background and
body synthetic images, and generating a depth image using the character silhouette mask. The
algorithm verified there was a sufficient depth margin between the body foreground (synthetic
human silhouette) and the background, adding if necessary an adequate depth constant value
to the entire background image. While crude, this approach resulted in more realistic data
than the synthetic ones. Some examples are shown in Figure 3.2(e).

3.2 Real Depth Image Datasets

Depth imaging is usually the result of a triangulation process in which a series of laser beams
are cast into the scene, captured by an infrared camera, and correlated with a reference pattern
to produce disparity images and finally the distance to the sensor. As a result, the image quality
greatly depends on the sensor specifications like measurement variance, missing data, surface
discontinuities, etc.

Given that our aim is to perform pose estimation in real HRI scenarios we need datasets to
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adapt our models and evaluate their performance in real depth images. We considered three
datasets. The first one corresponds to a set of video recordings with people interacting with
a humanoid robot, i.e. a HRI scenario. The other two are known public benchmark datasets
with single and multi-person settings. We describe each of these datasets in the following.

3.2.1 R-DIH Dataset

We consider realistic HRI scenarios of people interacting with a humanoid robotic platform
(Pepper). To this end we performed a set of indoor recordings of people interacting with the
robot and between them in a natural way. Our recording setting was composed of the robot
depth camera (Asus Xtion), as well as two external sensors (Kinect v2 and Intel D435) as shown
in Figure 3.4(b).

The recorded dataset contains 16 indoor sequences of up to three minutes composed of pairs
of registered color and depth images. They display up to three people captured at different
distance from the robot with different levels of occlusion and scene backgrounds. A total of
9 different participants were involved in natural HRI interaction situations (walking off and
towards the robot, stretching hands and between person interactions). They wore different
clothing accessories to add variability in body shape. Some examples of different scenarios
are shown in Figure 3.4(a).

The recordings are divided into training, validation and testing folds comprising 7, 5 and
4 sequences respectively. We manually annotated a small subset of images for each fold:
1750, 750 and 1000 images within the training, validation, and testing folds, respectively. As
annotations we provide 17 body landmarks in image coordinates and bounding boxes for each
of the people in the images. Table 3.2 shows the number of images per fold.

Throughout our experimentation in this thesis we focus on the Kinect v2 sensor. Compared
to other sensors like Intel D435 or Asus Xtion, it has a more accurate depth estimation and a
larger field of view which is better for HRI analysis. The recorded dataset is part of the DIH

dataset and is public for research purposes .

3.2.2 CMU Panoptic Dataset

The CMU-Panoptic dataset (Joo et al., 2017) is a large scale dataset for perception of social
interactions of multiple people. It is composed of a multiview camera data recorded with RGB,
Kinect 2 and audio sensors. The dataset provides RGB-D data with annotations such as 2D
and 3D body joint locations, social activity annotations, cloud points and body joint trajectory
as well as recordings metadata, e.g. transformations between cameras, global coordinates etc.

Among the many different provided recordings we focused in the single-person scenarios
of Range of Motion (RM) and the multi-person ones in Haggling (HA). The RM scenarios

Zhttps:/ /www.idiap.ch/dataset/dih
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(b)

Figure 3.4 — Examples of recorded real data in HRI scenarios. (a) RGB images from the R-DIH
dataset. (b) Examples of paired RGB-D images from 3 sensors. Left to right Intel D435, Kinect 2
and Asus Xtion (Pepper).

correspond to recordings of a single person performing different actions and diverse body
poses. The HA scenarios consist of multi-person recording of up to 4 people playing a game
where two sellers promote their own competitive products and a buyer selects one between
them. Figure 3.5 shows some depth image examples.

3.2.3 ITOP Pose Estimation Dataset

The ITOP dataset (Haque et al., 2016) consists on a series of single-person scenarios recorded
with Asus Xtion depth cameras. It contains 50K real-world depth images from two different
camera viewpoints: top-to-down view and frontal view, and 20 people performing 15 different
actions. Each depth image is annotated with 3D body joint locations in the reference frame of
the camera viewpoint. Some examples are shown in Figure 3.6.
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(b)

Figure 3.5 — Examples of the CMU-Panoptic dataset. (a) Single person range of motion scenar-
ios; (b) Multi-person haggling scenarios.

(b)

Figure 3.6 — Examples of the ITOP dataset. (a) Front view; (b) Top view.

3.3 Summary

This chapter presented the datasets of depth images that we consider in this thesis for training
and evaluating our algorithms.

We introduced our large scale synthetic depth image dataset. It was generated using a ran-
domized rendering pipeline using motion capture sequences re-targeted to a collection of
3D human characters. We add variability to the dataset by modifying the physical features
of the 3D characters, randomly placing virtual cameras, and considering mocap sequences
with different actions. Additionally, we take into account the multi-person scenarios by ren-
dering images with two 3D characters. The corpus contains over 260K images of single and
multi-person settings with 2D and 3D landmark annotations, as well as colored body shape
masks.

We also introduced real datasets consisting of depth images recorded with depth cameras
in real world scenarios. First, we described our dataset of recordings of multi-person HRI
scenarios with Pepper robot. The dataset comprises 16 indoor sequences with a total of
nine different participants engaging in interactions with the robot and between them. The
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corpus contains over 15K depth images recorded with a Kinect v2. Finally, we introduced two
state-of-the-art benchmark datasets of multi-person social interactions and single-person
actions.

44



Efficient 2D Multi-Person Pose Esti-
mation

This chapter, based on (Martinez-Gonzdlez et al., 2020a, 2018b), discusses variouss efficient
CNN models and learning approaches for fast and reliable 2D multi-person pose estimation
from depth images.

As discussed in chapter 2, CNN-based approaches are the state of the art for human pose
estimation. However, these methods traditionally use a deep and overparametrized archi-
tecture pretrained on a large scale image recognition dataset. This chapter addresses the
limitations introduced by these design choices, aiming to reduce the computational burden
with lighter CNN architectures and address the data needs for training. Firstly, we focus in
depth images which are relatively simpler than color images while still containing rich and
sufficient information for efficient human pose estimation. Tough some fine image details
are lost, e.g. eyes and mouth, extra information important for HRI is also introduced such
as scale and distance to the camera. Additionally, depth images foster 3D scene modelling
and 3D pose estimation with very few assumptions compared to methods that estimate nor-
malized 3D coordinates from color images. Secondly, inspired by efficient network structures
such as those encountered in ResNets (He et al., 2016), MobileNets (Howard et al., 2017) and
SqueezeNets (Iandola et al., 2016), we introduce novel lightweight network architectures that
match our real-time and performance requirements.

Our proposed efficient CNN architectures are discussed in Section 4.1. In Section 4.1.1 we for-
malize the convolutional pose machines CNN architecture class which adopts the multi-stage
prediction scheme to sequentially refine predictions as in a cascade of detectors approach.
Our CNN designs are instances of this CNN class and they exploit the ResNet, MobileNet and
SqueezeNet modules to reduce the computation cost of common convolutions and the num-
ber of parameters of the models (discussed in Section 4.1.2). Following the state-of-the-art
method (Cao et al.,, 2017) our networks are trained to predict confidence maps for landmark
localization and vector field for the localization and orientation of body limbs (Section 4.1.3).

Efficient and lightweight CNN models comprise much less number of parameters. As a conse-
quence, training them from scratch using only the ground truth annotations might be harder
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Figure 4.1 — Pose machine architecture class. It comprises a feature extractor module and a
prediction cascade. Each stage in the prediction cascade is composed by two branches that
predict confidence maps of body landmarks and body limbs in the image. They take as input
the extracted features F and the confidence maps from the previous stage to refine predictions.

due to their lower learning capacities. In this thesis we further boost the generalization abilities
of our lightweight models by employing knowledge distillation. Knowledge distillation (Hinton
etal., 2015) aims to transfer the generalization capacities of larger and more accurate models
to smaller and more efficient models. Section 4.2 discusses the use of knowledge distillation
for our pose estimation settings. We employ different distillation techniques and illustrate
how to couple these with our architectures designs to improve performance while maintaining
efficiency (Sections 4.2.1 and 4.2.2).

Section 4.3 discusses the performance of our models and training techniques comparing them
with state of the art methods. All our models are firstly pre-trained using the synthetic dataset
introduced in Section 3.1. Then, we use a small set of real images for finetune our model.
We evaluate the use of the synthetic images and data transformations to train our models
from scratch. Additionally, we validate the use of synthetic data with more than one person to
properly learn multi-person scenarios with good performance in real data.

4.1 Efficient Human Pose Estimation

This section describes the efficient CNN models we investigated for the task of body landmark
localization and pose estimation. We start by introducing the pose machine architecture
which forms the base of all our models. Then, we present the different instantiations that we
investigated to improve efficiency while maintaining accuracy.

4.1.1 Pose Machines CNN Architecture Class

The pose machine architecture comprises two main components: a feature extractor module
and a cascade of predictors that output confidence maps for each of the body landmarks and
body limbs. Figure 4.1 sketches the architecture class concept and its main components.

More precisely, the CNN takes an image as input and the feature extractor module computes
an abstract representation of it composed of N,, channels, denoted as F. These features F are
passed to the cascade of predictors, composed of a series of prediction stages sequentially
stacked. Each prediction stage aims at localizing body landmarks (neck, elbows, ankles)
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and limbs, which are segments between two landmarks according to the skeleton shown in
Figure 3.2 (forearms or thighs).

Each stage s consists of two branches made of fully convolutional layers predicting confidence
maps of body landmarks, denoted p;(-), and of body limbs, denoted ¢s(-). For s = 2 these
branches take as input both the features F and the landmark and limbs predictions maps from
stage s — 1. In effect, this allows the refinement of the predictions of each element (landmark
and limbs) by incorporating context from the other body parts and hence accounting for
valid body pose configurations. This effectively reduces the number of pairs of detected body
landmarks and potentially connected, easing the single and multi-person pose inference
stage.

4.1.2 Efficient Pose Machines

For an efficient forward pass, instances of the above architecture class will incorporate
lightweight designs in the feature extractor, p(-) and ¢,(-). In Figure 4.2 we illustrate the
design of our efficient pose machine instances. Modules enclosed by doted squares are the
components which are replicated to achieve the cascade of predictors. We describe these
architectures in the following.

Residual Pose Machines

In the pose machine architecture instance presented in (Cao et al., 2017), the first computa-
tional bottleneck is the large VGG-19 architecture used as feature extractor module. Therefore,
we propose to investigate how to exploit a lighter module built upon residual modules (or
blocks) (He et al., 2016). We originally introduced this modification in (Martinez-Gonzélez
et al., 2018b). Our motivation is that residual blocks are known to outperform VGG networks,
and to be faster by having a lower computational cost (Canziani et al., 2016). Figure 4.2(a)
depicts the architecture we dubbed as residual pose machines.

Feature Extraction Network. It consists of an initial convolutional layer followed by three
residual modules with small kernel sizes (3 x 3). The network has three average pooling layers.
Each residual module consists of two convolutional layers and a shortcut connection. Batch
normalization and ReLU are included after all convolutional layers and shortcut connections
as exemplified in Figure 4.3(a).

Pose Regression Cascade. We maintain a large effective receptive field in the design of the
branches ¢;(-) and ps(-). In the first prediction stage the network has three convolutional
layers with filters of 3 x 3 and two layers with filters of 1 x 1, whereas in the remaining stages
there are five and two convolutional layers with filters of 7 x 7 and 1 x 1 respectively.
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Figure 4.2 — CNN architecture instances of the pose machines class. (a) Residual pose machines
focuses on speeding up the feature extractor module using ResNet modules; (b) SqueezeNet
pose machines builds on the Fire module concept to design a lighter architectures; (c) Mo-
bileNet pose machines relies on depthwise and pointwise convolution layers to speed up
computation. Convolution layers marked with * have a stride of 2 and serve as pooling
mechanism.
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Squeezenet Pose Machines

In (Iandola et al., 2016) the SqueezeNet architecture is build upon a series of modules called
Fire modules. Each module is composed by a squeeze layer and an expand layer. The squeeze
layer contains filters of 1 x 1 and outputs N;, channels, while the expand layer is a mix of filters
of 1 x1 and 3 x 3 that outputs N, and N,, channels respectively. This configuration aims
to reduce the model size by using 1 x 1 filters, and to speed up computation by limiting the
number of input feature channels of the 3 x 3 layers. Figure 4.3(b) illustrates the composition
of a Fire module.

Our architecture design using Fire modules is shown in Figure 4.2(b). The output of the Fire
module is the concatenation of the channels from the 1 x 1 and 3 x 3 expand layers. We follow
the original design and set Ny, to be less than the sum N, + N,, and maintain these quantities
low. Batch normalization and ReLU are added after each convolution.

Feature extraction network. The feature extractor module comprises 7 Fire modules, three
average pooling layers, three residual connections and two 1 x 1 convolution layers. ReLU
activations are included after the shortcut connection following the design in Figure 4.3(a).

Pose regression cascade. The pose regression cascade employs five Fire modules and two
1 x 1 convolution layers in the design of both branches ¢(-) and p;(-).

Mobilenet Pose Machines

MobileNets (Howard et al., 2017) are built on separate filters factorizing a standard convolution
layer into a depthwise and a pointwise convolution layers. A depthwise operation applies
a spatial filter to each input channel (one different filter per channel). Pointwise filters are
the classical 1 x 1 convolution filter that performs a linear combination of all channels of the
depthwise output. This factorization has a high impact in the size and the computation that
the model requires. Figure 4.3(c) illustrates the design we follow to implement depthwise and
pointwise convolution filters. 3 x 3 filters are used for the depth wise convolutions. We add
batch normalization and ReLU units after each convolution.

Feature extraction network. It is composed of 8 depthwise - pointwise layers, denoted as
Depth/point in Figure 4.2(c). Pooling mechanisms are included in the form of convolutions
with stride 2 (denoted with *). We also include three residual connections following the design
in Figure 4.3(a).

Pose regression cascade. In each stage, we compose both branches by 5 depthwise-pointwise
modules followed by two 1 x 1 convolution layers.
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Figure 4.3 - Different unit modules used in our architecture designs. (a) In the residual module
we use the sum operation to combine inputs from the shortcut connection and the set of
convolution layers; (b) fire modules in SqueezeNets combines 1 x 1 and 3 x 3 convolution
layers output with a concatenation operation; (c) in MobileNets a standard convolution is
decomposed into depthwise and pointwise convolution layers.

4.1.3 Confidence Map Ground Truth and Training

We regress confidence maps for the location of the different body parts and predict vector fields
(part affinity fields) for the location and orientation of the body limbs. The ideal representation
of the body part confidence maps H* encodes their locations in the depth image as Gaussian
peaks. Let x; be the ground truth position in the image of body part j. The value H;. (p) for
pixel p in the target confidence map H; of the jth partis computed as

(4.1)

Ip; —x;113
o),

H; (p) = exp(

where o is chosen empirically.

Regarding the limbs, the ideal representation V* encodes with a vector field the confidence
that two body parts are associated, as well as the information about the orientation of the
limbs. Consider a limb of type ¢ that connects two body parts j; and j» (e.g. elbow and wrist)
and their positions on the depth image are x; and x;,. The ideal affinity field at point p is
defined as
. v ifpisonlimbc
Ve(p) = : 4.2)
0 otherwise

where v is the unit vector that goes from x;, to x;,. The set of pixels that lie on the limb are
those within a distance to the line segment that joins the two body parts.

Training. Supervision is applied at the end of each prediction stage to prevent the network
from vanishing gradients. This supervision is implemented by two L, loss functions, one for
each of the two branches, between the predictions Hg and V and the ideal representations H*
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and V* for stage s

LY =Y |Hp)-H* (P35, 4.3)
pel
LY =Y IV(p) - V* (p)lI3. (4.4)
pel

The final multi-task loss is computed as:

S
Ly =) (L3+LY), (4.5)

s=1

where S is the total number of prediction stages.

4.1.4 Body Part Association

We use the algorithm presented in (Cao et al., 2017) that uses the part affinity fields as con-
fidence to associate the different body landmarks and perform the inference of the 2d pose.
It works in a greedy fashion exploiting the skeleton tree structure, analyzing pairs of body
landmarks that are potentially linked by a limb type and builds the pose estimate increasingly.

In a nutshell, the method takes as input a given limb type, e.g. forearm. All detected body
landmarks that form such limb type (wrists and elbows) are connected one to one, forming
potential limbs. The connections are weighted by averaging the predicted vector field along
the line that joins the pair of body landmarks. Connections with high confidence are kept
while the other discarded. Final pose estimates are built by associating the limb candidates
(forearm and arm) that share body landmark candidates (shoulder, elbow and wrist).

4.2 Distilling The Pose From a Network

Training a CNN model usually relies on data with ground truth. However, the data samples are
often of different complexity levels. Intuitively, factors like the camera view point, the pose
configuration, the occlusion level (whether due to external elements or to its own body), cloth-
ing or object artefacts will render the landmark prediction more or less difficult, an element
which is not reflected in the ground truth. While large over-parametrized networks, when
supplied with enough data, can usually accommodate this diversity during training, smaller
more efficient networks, by attempting to satisfy the ground truth of all data equivalently, can
be more easily trapped in local minima with limited generalization. Several methods have
been proposed to improve training. One of them is curriculum learning Bengio et al. (2009), i.e.
starting from easier to more complex data samples. Another direction is knowledge distillation
that we now introduce.

The distillation approach can be posed as follows: given a deep and large teacher network
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Figure 4.4 — Knowledge distillation scheme for body landmark detection in a cascade of
detectors fashion. The student is trained to mimic (in addition to ground truth) the confidence
map predictions of body landmarks and body limbs from a pre-trained and robust teacher at
the different stages in the cascade of regressors. We additionally adopt the learning by hints
approach by encouraging the features of student to match those of the teacher.

Ther, we would like to improve the generalization ability of an efficient student S,,.; using
the "knowledge" acquired by T,.;. Such knowledge transfer can be of several forms. First, it
usually involves mimicking the output activations of the teacher as these activations implicitly
contains information about the difficulty of the samples (e.g. ambiguity between classes,
uncertainty due to difficult imaging conditions). However, it can also include mimicking some
of the hidden layers activation maps. In this case, the activations are referred as hints and the
goal is to drive the student learning towards learning intermediate representations thought as
important from a design process.

We learn accurate and efficient models by using a teacher with high performance using the
distillation strategy illustrated in Figure 4.4. We have investigated several configurations.
First, performing distillation at every stage on the cascade of the teacher, i.e. matching the
predictions of the teacher at every prediction stage in the cascade to distil the knowledge
at every prediction stage and to promote an early on semantic knowledge distillation. Note
that this contrasts with the conventional distillation approach which considers only the final
prediction as knowledge to transfer. Second, adopting distillation by hints to encourage the
student to learn a data representation similar to that of the teacher. These two approaches
can be combined in an overall pose distillation objective written as follows:

Laistit = Lstages + Y Lnints- (4.6)

The Lsiqges and Ly;p s losses are described below.

52



4.2. Distilling The Pose From a Network

4.2.1 Mimicking Teacher Stage Predictions

We couple knowledge distillation with our architecture designs and perform distillation at the
last prediction stages of the cascade. The motivation is that the teacher’s predictions in these
last stages contain valuable information about how the teacher refines predictions, which may
help the student on how to increasingly improve its own predictions. In practice, we use a
weighted sum of losses considering the teacher’s predictions and the ground truth Lp,s which
also introduces information that the student should mimic:

Lstages = (1 — @) Lteacher + @Lpm, (4.7)

where Lp)y is defined in Eq (4.5) and a is a weighting parameter set to 0.5 in our experiments.
We choose to model Lggcher as to match the prediction of the 7 (7 = 1) last stages of the
cascade. Leqcher is defined as

7—-1

Lieacher = Z (LI;_S + Lg_s), (4.8)
$=0

where S is the number of prediction stages in the teacher’s cascade, and

=Y |H,(p) -H )13, (4.9)
pel
LY =Y IIVs(p) - VI ()13, 4.10)
pel

where p is a pixel in image I, and (H.*?,V.¢%) are the body part and part affinity fields con-
fidence maps at stage s of the teacher. Notice that the number of stages in the teacher and
student prediction cascades need to be at least 7.

4.2.2 Learning With Hints

We consider this approach by enforcing similarities between the feature extractor outputs
in the teacher and student architectures, as it is a natural choice in our architecture designs.
Note that our formulation in Eq (4.8) is a form of distillation with hints for 7 > 1.

Thus, denoting by F/°“ the internal representation of image I of the teacher, we define the
hints loss as

Liines = |IF1 = Ffe4||3, 4.11)

Note that when performing knowledge distillation with hints it is necessary to tie the dimen-
sions of Fy and F{¢%.
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4.3 Experiments

In this section we describe the experiments we performed to evaluate our approaches. The
experimental protocol focuses on both accuracy and computational aspects. We first evaluate
the proposed efficient CNN architectures and the impact of the synthetic dataset for training.
Finally, we analyze our approach for knowledge distillation and its benefits in our context.

4.3.1 Data

We considered the synthetic and real parts of the publicly available DIH dataset introduced in
Sections 3.1.3 and 3.2.1, as well as a subset of the CMU-Panoptic dataset, both comprising
Kinect 2vimages. Although the datasets contain color images as well, we focus our analysis on
depth images and leave the exploitation of color data for another study. With both synthetic
and real images, we performed data augmentation during training: rotation by a random
angle within [-20,20] degrees with a 0.8 probability, and image cropping to the 368 x 368
training size with a probability of 0.9. Unless stated otherwise, we use R-DIH as our default
(real) dataset in the result section.

Synthetic Data

S-DIH train, validation and testing folds contain 230934, 22333 and 11165 synthetic depth
images respectively. To avoid our pose detector to overfit clean synthetic image details, we
propose to add image perturbation, in particular, adding real background content which will
provide the network with real sensor noise.

Adding Real Background Content. We fuse real background images with our synthetic data.
We produce training images on the fly by randomly augmenting synthetic depth images fusing
them with real depth background images as described in Section 3.1.4.

Pixel Noise. During training we randomly selected 20% of the body silhouette’s pixels and set
their value to zero.

Real Data

We consider the following datasets for evaluation and fine-tuning.

R-DIH. It consists of 16 sequences divided into train, validation and testing folds comprising
7, 5 and 4 sequences respectively. We manually annotated a small subset of images for each
fold: 1750, 750 and 1000 images within the training, validation, and testing folds, respectively.

Panoptic. We used a subset of the large CMU-Panoptic dataset (Joo et al., 2017) from the Range
of Motion (RM) and Haggling (H) scenarios (specifically, RM:171204 pose3 and H:170407 haggling a3
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for training, RM:171204 pose5 and H:170407 haggling b3 for testing). To be consistent with
our experimental setting, where few labeled data are available, we randomly considered 2K
images for training and 1K for testing.

4.3.2 Evaluation metrics

Pose Estimation Performance. We use standard precision and recall measures derived from
the Percentage of Correct Keypoints (PCK) evaluation protocol as performance metrics (Yang
and Ramanan, 2013). More precisely, after the forward pass of the network, we extract all
the landmark predictions p whose confidence are above a threshold 7, and run the part
association algorithm to generate pose estimates from these predictions'. Then, for each
landmark type, and for each ground truth points g, we associate the closest prediction p (if
any) whose distance to g is within a distance threshold d = x x h, where h stands for the height
of the bounding box of the person (in the ground truth) to which g belongs to. Such associated
p are then counted as true positives, whereas the rest of the landmark predictions are counted
as false positives. Ground truth points g with no associated prediction are counted as false
negatives. Recall and precision values are computed for each landmark type counting true
positives, false positives and false negatives over the dataset. Finally, the average recall (AR)
and average precision (AP) values used to report performance are computed by averaging
the above recall and precision over landmark type and over several distance thresholds d by
varying « € [0.05,0.15].

Computational performance. Model complexity is measured via the number of parameters
it comprises, and the number of frames per second (FPS) it can process when considering
only the forward pass of the network. This was measured using the median time to process 2K
images at resolution 444 x 368 pixels with an Nvidia card GeForce GTX 1050.

4.3.3 Implementation Details

Image Preprocessing. The depth images are normalized by scaling linearly the depth values
in the [0, 8] meter range into the [-0.5,0.5] range.

Network training. Pytorch is used in all our experiments. We train different network architec-
tures with stochastic gradient descent with the momentum set to 0.9, the decay constant to
5x 107%, and the batch size to 10. We uniformly sample values in the range [4 x 10719 4 x 1075]
as starting learning rate and decrease it by a factor of 10 when the validation loss has settled.
All networks are trained from scratch and progressively, i.e. to train network architectures
with s stages, we initialize the network with the parameters of the trained network with s —1
stages. Unless otherwise stated, each model was trained with synthetic data for 13 epochs and

INote that in this algorithm, landmark keypoints not associated with any estimates are automatically discarded.
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DIH
All body Upper body
Architecture #Stages # Features # Parameters FPS AP AR  F-Score AP AR F-Score
HG (Newell et al., 2016) 2 - 12.93M 8.7 84.62 86.26 0.85 86.45 93.70 0.90
CPM-1S (Cao et al., 2017) 1 128 8.38 M 18.6 \ 92.10 86.44 0.89 96.12  94.99 0.95
CPM-2S (Cao et al., 2017) 2 128 17.07M 112 94.03 88.96 0.91 96.36 9498  0.96
RPM-18 1 64 0.51 M 56.7 \ 90.86 72.07 0.80 94.28 87.77 0.91
RPM-2S 2 64 2.84M 352 9484 8641 0.90 96.39 93.91 0.95
RPM-3S 3 64 517M 20.8 ‘ 93.96 87.72 0.91 97.26 94.72 0.97
RPM-2S 2 128 10.5M 125 93.52 86.07 0.90 95.95 94.02 0.95
MPM-1S 1 64 99.8K 134.4 \ 88.52 71.36 0.79 92.88 84.74 0.89
MPM-2S 2 64 168.2 K 112.3 92.56 78.63 0.85 94.97 89.92 0.92
MPM-3S 3 64 236.5K 95.8 ‘ 92.40 82.79 0.87 95.23 92.36 0.94
MPM-4S 4 64 304.9K 843 91.27 84.06 0.88 9527 91.87 0.94
SPM-1S 1 64 308.8K 70.6 ‘ 89.64 61.58 0.73 93.18 71.38 0.81
SPM-2S 2 64 455.9K 60.6 91.78 81.68 0.86 95.82 91.47 0.94
SPM-3S 3 64 660.0 K 53.3 ‘ 92.63 81.98 0.87 96.43 90.84  0.94
SPM-4S 4 64 921.0K 47.2  93.13 81.36 0.87 96.30 90.58 0.93
Panoptic
All body Upper body
Architecture #Stages # Features # Parameters FPS AP AR  F-Score AP AR F-Score
HG (Newell et al., 2016) 2 - 12.93M 8.7 85.14 91.06 0.88 86.0 91.0 0.88
CPM-2S (Cao et al., 2017) 2 128 17.07M 11.2 ‘ 96.73 91.66 0.94 96.75 92.07  0.94
RPM-3S 3 64 517M 20.8 97.42 91.48 0.94 9743 9148  0.94
MPM-4S 4 64 304.9K 84.3 ‘ 96.43 89.17 0.92 97.0 89.06 0.93
SPM-3S 3 64 660.0 K 53.3 9544 89.24 0.92 96.30 90.35 0.93

Table 4.1 — Performance (%) on the test set of real depth images and architecture components
for the different tested pose machines instances. Upper body comprises only head, neck,
shoulders, elbows and wrists.

finetuned with real images for 100 epochs.

Tested Models and Notation. Residual, mobile and squeeze pose machines are referred to as
RPM, MPM and SPM respectively. We set N, = 64 (number of features) as the default value
and we specify when it changes. We add a postfix to specify the number of stages that a model
comprises. For example, RPM-2S is the residual pose machine configuration with 2 prediction
stages in the cascade of predictors.

4.3.4 Performance-Efficiency Trade-Off

Table 4.1 compares the performance of our proposed architecture configurations. We report
both the average recall and average precision for all landmark types in the skeleton model and
for the upper body;, i.e. head, neck, shoulders, elbows and wrists since upper body detection
might be sufficient for any given applications (e.g. HRI). We compare the models’ performance
with the F-Score metric (harmonic mean of recall and precision). The table also compares the
FPS and the number of trainable parameters of the different architectures.
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Figure 4.5 — Precision-recall curves obtained by varying the landmark detection threshold 7.
Left: comparison between the baseline CPM and the RPM model with different number of
prediction stages. Right: performance comparison of our pose machines instances in their
deepest version.

Comparison with The Convolutional Pose Machine (CPM) Baseline

We consider the CPM architecture presented in (Cao et al., 2017) as the main baseline. As in
the original work, the architecture parameters in the feature extractor module were initialized
using the first 10 layers of the VGG-19 network. Parameters in the cascade of detectors were
trained from scratch. To accommodate the need for the 3 channel image input expected by
VGG-19, the single depth channel is repeated three times. We report the results for architec-
tures comprising up to two stages in the prediction cascade since no substantial performance
increase was obtained after the second stage.

We train RPM network architectures with 1, 2 and 3 stages. Figure 4.5(a) shows the precision-
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Figure 4.6 — Precision (left) and recall (right) per body landmark for the RPM-3S and the
baseline CPM-2S.
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Figure 4.7 — Left: Pose estimation examples from the RPM-3S landmark detector on the DIH
dataset (blue squares) and CMU-Panoptic dataset (green squares). Right: Examples of failures
cases. They often occur for specific pose or clothings or under occlusion of people or objects
(e.g. bags).

(®)

recall curves over the testing set of real depth images, obtained by varying the landmark
detection threshold 7. We summarize these curves in Table 4.1 taking the performance with
the highest F-Score. As can be seen, our RPM models perform as well as the baseline but
is lighter and faster. This is specially the case for RPM-2S that shows similar performance
as CPM-2S but comprises 6 times less parameters and is 3.14 times faster. Interestingly, we
can notice from Figure 4.5(a) that the smaller complexity of the feature extractor of RPM-1S
leads to degraded performance compared to the baseline CPM-18S. This gap is filled once
context is introduced with the second stage (see RPM-2S and CPM-2S curves). Adding an
extra stage (RPM-3S) slightly improves the model performance while still being faster than the
baseline. In particular for the upper body parts where it now slightly outperforms the baseline.
Figure 4.6 compares the per body landmark precision and accuracy for RPM-3S and CPM-2S
models, where we can notice very high performance achieved for the upper body landmarks.

Number of feature channels. We set N,, = 128 and train the RPM models. We report the
results for RPM-2S with this configuration in Table 4.1. Note how the results of the RPM-2S
with N, = 64 and RPM-2S with N, = 128 are very similar showing that more feature channels
does not bring more benefits. Given its higher computational complexity setting N,, =64 is a
good accuracy-speed trade-off.

Qualitative analysis. Figure 4.7 shows examples of the pose estimation algorithm using the
body landmarks and limbs output of our RPM-2S model. Note that our model is capable
of producing strong confidence maps that produce accurate estimates even for the eyes
and in the presence of self and person occlusions, profile views, and different body pose
configurations and silhouette shapes. The main challenges for our model include strong
changes in the person silhouette (backpacks, big jackets) and person proximity and occlusions
as illustrated by failure cases in Figure 4.7(b).
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Efficient Pose Machines

The performance of the MPM and SPM models are presented in Table 4.1. We can first notice
that they are more efficient in terms of FPS and number of trainable parameters than the CPM
and RPM models. For example, MPM-4S contains 55.9 times less parameters than CPM-2S
model and is 7.5 times faster with only a decrease of 0.03 in F-Score. SPM-4S, on the other
hand is 4.2 times faster than CPM-2S with a decrease of 0.04 in F-Score.

We note that increasing the number of prediction stages improves the models’ F-Score. As
with the RPM models, we observe that the biggest improvement appears when introducing a
second stage. The additional stages help refining prediction, for instance by greatly improving
the landmark detection recall while the precision saturates or slightly degrades (compare the
MPM-2S and MPM-4S results), but in general the results often start saturating after the 3rd
stage.

Figure 4.5(b) illustrates the precision-recall curves for the deepest version of our efficient
models. Among the architectures we investigate, the fastest are the MPM designs, followed
by SPM models. Nevertheless, the best speed-accuracy trade-off are given by the RPM-2S
model when the focus is on accuracy, and MPM-4S when it is on speed. A visualization of such
efficiency-accuracy trade-off is given in left plot of Figure 4.8.

Comparison with State-Of-the-Art Methods

In addition to the CPM baseline, we compared our methods with the stacked Hourglass
framework (Newell et al., 2016). We used the same network architecture and training protocol
(initialization, learning rate, optimizer) proposed by the authors. For a fair comparison we
followed our protocol regarding the data, trained the model with synthetic images for 13
epochs and finetuned it with real data for 100 epochs.

Results in Table 4.1 show that our efficient architectures outperform this baseline in efficiency
and accuracy, on both the DIH and Panoptic datasets. For example, MPM-4S is 9.6 times
faster, 42.2 times smaller, with an F-Score of 0.88 (on DIH) compared to 0.85 for the Hourglass
network.

Experiments with CMU-Panoptic Dataset

The results on this dataset are shown in Table I (bottom part). We report only the results
obtained by the best performing models on the DIH-Real dataset. Our proposed RPM-3S
outperforms the Hourglass baseline. It also performs similarly than the CPM baseline. The
proposed efficient architectures MPM-4S and SPM-3S outperform the Hourglass baseline by
a margin of 0.04 in the F-Score and follow closely the RPM-3S and baseline CPM-2S with a
difference of 0.02 in the F-Score.
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Figure 4.8 — Left: efficiency-accuracy tradeoff visualization for the best models on DIH-Real.
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use of synthetic data for learning robust pose estimation models.

Synthetic only Synthetic + Finetuning
Syntheticdata % | AP AR  F-Score | AP AR  F-Score
25% 94.19 26.28 0.41 93.09 80.83 0.86
50 % 95.10 29.51 0.45 93.45 81.38 0.87
75 % 91.68 30.14 0.45 93.68 82.42 0.88
100 % 90.37 31.14 0.46 93.96 87.72 0.91
100 % no BG 80.67 3.35 0.06 92.58 73.46 0.82

1.0

Table 4.2 — Comparison of performance obtained with RPM-2S when trained with different
synthetic data partitions.

4.3.5 Training with Synthetic Data Analysis

We validate the use of the synthetic data to learn accurate models. To this end, we randomly
split the synthetic training data in partitions comprising 25%, 50%, 75% and 100% of it. These
partitions contain images with one and two people. We train RPM-2S models with the different
synthetic data partitions and then finetune the result with real data. We use the same quantity
of labeled data to finetune in all cases (1750 images). Unless otherwise stated, during training
we consider all image transformations for data augmentation (background fusion, pixel drop,
cropping and rotation). Table 4.2 shows the obtained average recall and precision on real data,
before and after finetuning. The following conclusions can be made.

Amount of Synthetic Data

Performance increases with more synthetic data, both before and after finetuning. Naturally,
the visual features mismatch between the synthetic and real data provokes low performance
when training only with synthetic data. Nevertheless the gap is covered once finetuning
on real data is applied, particularly regarding the recall. Figure 4.8(b) shows the average
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All test data Data with person occlusions
Datafold | AP AR  F-Score AP AR F-Score
1P-Fold | 92.51 80.22 0.86 91.10 82.92 0.87
2P-Fold | 92.43 82.44 0.87 93.33 84.81 0.89

Table 4.3 — Performance obtained with the RPM-2S model when combining synthetic data
with only single person images (1P-Fold) and 2 people images (2P-Fold) for training.

precision-recall curves training with the different data partitions and applying finetuning.

Adding Realism to Synthetic Images

We validate our strategy of fusing real background with synthetic depth images to prevent
overfiting. To this end, we trained the RPM-2S models with 100% of the synthetic data, helding
out the background fusion transformation, and then applied finetuning. We report the results
in Table 4.2. Observe that without the addition of real background, our model overfits to
the synthetic data details and performs poorly on real data. Interestingly, note as well that
even after finetuning on real data the performance is not entirely recovered. The model even
performs lower than using only 25% of the synthetic data. Intuitively, fusing background with
synthetic images work as a regularizer that prevents overfitting to synthetic image details.

Multiple People Data

We study the importance of having synthetic training images with two people before finetuning
with real data. To this end, we define two folds of 100K images for training. The first one (1P-
Fold) contains only images with one person; the second one (2p-Fold) contains 50K images
with one person and 50K images with two people. The resulting performance is reported in
Table 4.3 where we also provide results on a test subset where people are very close or occlude
each other (see Figure4.7(b)). The subset contains 211 images with three people where their
ground truth bounding boxes overlap between 12.38% and 15.4%. We note that using images
with two people helps generalization.

Training with Real Data Only

We train the RPM-2S model only with our small real depth image annotated sample. Fig-
ure 4.8(b) shows the performance curve. Our real dataset sample is not large enough to
prevent our model from overfiting and performs worse than using the synthetic data without
background fusion.
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DIH
Student | Teacher Distil type AP AR  F-Score
CPM-2S§ - = 94.03 88.96 0.91
MPM-2S - - 92.56 78.63 0.85
MPM-4S - - 91.27 84.06 0.88
MPM-1S | CPM-2S Stagewise 88.55 71.96 0.79

MPM-1S | CPM-2S | Stagewise + Hints | 89.89 76.61 0.83
MPM-2S | CPM-2S | Standard (r=1) | 90.98 80.60 0.85
MPM-2S | CPM-2S Stagewise 92.10 83.98 0.88
MPM-2S | CPM-2S | Stagewise* (1=2) | 92.42 81.60 0.87
MPM-2S | CPM-2S | Stagewise + Hints | 90.91 80.19 0.85

Panoptic
CPM-2S - - 96.73 91.66 0.94
MPM-2S - - 96.25 86.66 0.91
MPM-4S - - 96.43 89.17 0.92
MPM-2S | CPM-2S Stagewise 95.08 90.33 0.92

Table 4.4 — Knowledge distillation experiments. Methods with - in the 'Teacher’ and ’Distil
type’ fields indicate that the model has been trained without distillation and their values were
taken from Table 4.1 (i.e. these are the baseline results).

4.3.6 Pose Knowledge Distillation

We perform knowledge distillation using CPM-2S as the teacher. We select MPM-1S and MPM-
2S models as students given that the MPM design is the most efficient of our pose machines.
Our students are trained from scratch. We performed distillation first with synthetic data
during 10 epochs, then with real images for 100 epochs. The learning rate is updated in a linear
fashion and we set y to 1. Table 4.4 reports the results. Our proposed approach of performing
distillation at the last stages in cascade is referred to as stagewise. We also experiment by
matching only the final activation maps of the teacher at every stage of the student (marked
with *).

Knowledge Distillation Approaches

Our stagewise approach outperforms the same network configurations trained without dis-
tillation or with the standard distillation approach (only taking into account the last stage
of the cascade). Learning with hints makes the student MPM-1S outperform its stagewise
distillation counterpart, but this is not the case with MPM-2S. One possible reason is that given
the architecture differences, enforcing feature similarity prevents the student from improving
the task loss. In contrast, mimicking the refined predictions at the cascade level using the
prediction from the teacher proves to be effective for distillation.
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Comparison with Baseline Models

Knowledge distillation helps boosting the generalization of smaller models. This is particularly
true for MPM-2S which with distillation reaches the F-Score performance of its deeper (and
slower) version MPM-4S baseline. There is still a small performance gap between the CPM-2S
teacher and learner performance (0.03 in F-Score), but the later runs 10 times faster and is
101 times lighter. A visualization of the efficiency-accuracy is shown in Figure 4.8. We have
marked MPM-2S trained with distillation with *. Interestingly, the same conclusions can be
drawn from the distillation results obtained on the CMU-Panoptic dataset, with the MPM-2S
improving by 0.1 its F performance using the same distillation approach.

4.4 Summary

This chapter has investigated different techniques to achieve fast 2D body landmark detection
in multi-person pose estimation scenarios. Our work proposes to use depth images in combi-
nation with efficient CNNs to maintain the trade-off between speed and accuracy. We have
introduced efficient instantiations of the pose machines architecture with stacked regressors
and employing Residual, SqueezeNets and MobileNets designs.

We employed knowledge distillation to enhance the generalization capacities of our lightweight
models. Our approach couples distillation with our cascade of detectors architectures per-
forming distillation at each stage of the cascade. In a set of experiments, we have shown that
leveraging on knowledge distillation we can boost the performance of our lightweight models,
running at 112.3 FPS with the MobileNet-based architecture at a small performance loss.

In addition, we validated the use of synthetic depth images to cope with the lack of training
data. Our study suggests that the fusion of sensor background data with synthetic depth
images aids the models’ generalization capabilities on real data.
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5] Domain Adaptation for Pose Estima-
tion

As we described in chapter 3, deep learning approaches require a vast amount of annotated
data to achieve good generalization. In chapter 4 we showed that deep CNN models can
obtain excellent results when training them with large amounts of synthetic data with large
variability: human poses, shapes, multi-person settings and large amount of background
scenarios. However, the good performance is only achieved provided a set of data for the
target scenario with landmark annotations.

For developing algorithms for supervised learning, it is assumed that samples for training and
testing follow the same probability distribution. In practice it is very costly to obtain large
amounts of data with enough variability and with corresponding high quality annotations.
State-of-the-art public databases such as (Lin et al., 2014) have used crowdsourcing tasks for
labeling body landmarks in RGB images by human annotators. For the case of depth images,
manual labeling of body landmarks is more laborious: the human body appears only as a blob
making it more difficult to accurately localize landmarks in the image.

We have followed the approach of obtaining training data by synthesizing depth images.
Although the cost to generate labeled data is low, the resulting images will hardly match the
exact conditions of the target scenarios. As a consequence, training our models with synthetic
data and testing in real scenarios will suffer a degradation in the testing performance since
training and testing data distributions are different. This situation gives rise to the so-called
covariate shift (Sugiyama and Kawanabe, 2012).

Domain adaptation (reviewed in Section 2.5) are a set of transfer learning techniques that
aim to learn a predictor in the presence of the covariate shift. The topic has been largely
explored, focusing mainly in the problem of RGB image classification (Tzeng et al., 2015; Ganin
etal., 2016; Tzeng et al., 2017). In most approaches the visual domains mainly differ in the
objects perspective, lighting, background, and objects are mostly image centered. These are
not directly applicable in our scenario, i.e. landmark localization in depth images framed as a
regression task.
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Chapter 5. Domain Adaptation for Pose Estimation

This chapter, based on (Martinez-Gonzalez et al., 2020a, 2018a), discusses domain adaptation
techniques for multi-person pose estimation from depth images. We investigate different
approaches.

¢ The first one, discussed in Section5.2, is to use unsupervised adversarial domain adap-
tation. It is a framework enabling learning a body landmark detector using only annota-
tions on synthetic images while leveraging the information contained in large quantities
of unannotated real images.

¢ A second approach is to fuse synthetic depth images of persons (for which the anno-
tation is known) with background depth data from the real sensor, generating semi-
synthetic data allowing the network to already learn sensor noise characteristics (dis-
cussed in Sections 3.1.4 and 5.3).

¢ We also explored inpainting methods in order to fill the spourious artifacts that arise
from depth sensing in order to imitate the real images to look similar to those of the
synthetic images (Section 5.3).

We contrast these techniques with a simple finetuning approach using a small set of annotated
real images and highlight the limitations of the different approaches. We evaluate the methods
in a dataset of real HRI scenarios of people interacting with the humanoid robot Pepper.

(c) Unlabeled real dataset

Synthetic depth domain

(b) Network Real depth domain

RPM —>

-
\ . \ (e) Pose estimation in

real images

1
|
|
| (d) Domain adaptation E
|
|

Y

e o= -

‘n

(a) Labeled synthetic dataset

Figure 5.1 — Scheme for pose estimation learning and unsupervised domain adaptation. A
CNN (b) is learned relying on synthetically generated images combining people under multiple
pose configurations with varying real background images(a). The domain shift is addressed
via an unsupervised adversarial domain adaptation method (d) that uses real unlabeled data
(c).
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5.1. Depth Image Domains

Figure 5.2 - Depth imaging characteristics of different sensors. (a) some visual characteristics
of real depth images (right) like shadows around the silhouette or sensing failures due to
surface material and depth variation (red square) are difficult to synthesize and therefore not
present in the synthetic images (left); (b) HRI scene recorded with different RGB-D cameras.
Left to right: Intel D435, Kinect 2 and Asus Xtion. Different depth sensors have different quality
characteristics.

5.1 Depth Image Domains

Our training and testing setting is affected by the covariate shift issue. The problem arises
from the differences in the visual features between synthetic and real depth images. On one
side, training synthetic data (source domain) generated using rendering techniques are clean
with smooth depth surfaces. On the other side, when testing with real depth images (target
domain), the quality of the image greatly depends on the sensor specifications that affects
the depth sensing (measurement variance, etc). Examples of these differences are shown
in Figure 5.2. Some major ones are the shadows that appear around the silhouette of the
person due to the triangulation process of depth sensing, and the missing values due to the
reflectance properties of surfaces. These visual features are very difficult to simulate and
therefore not present in the synthetic depth images

The performance gap between synthetic and real image domains can be alleviated provided
that we are given enough annotated real depth images. Yet, manual annotation of body
landmarks in depth images in large quantities is very time consuming. In this scenario, an
unsupervised domain adaptation technique is desired to learn a predictor in presence of a
domain shift.

5.2 Unsupervised Adversarial Domain Adaptation

An overview of this approach is illustrated in Figure 5.1. The unsupervised adversarial domain
adaptation (ADA) can be stated as follows. We are given a source sample set (synthetic depth
images) S = {(If,xi)}f.\i , and a target dataset (real depth images) 7 = {If}ﬁ.‘i ,- Note that we are
only given annotations of 2D keypoint locations x; for the source samples If . The goal is to
learn a human pose predictor using the sample set S which performs well on data from 7T,
by mapping source and target data to an invariant representation. We follow the approach
in (Ganin et al., 2016) in which more information can be found.
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Chapter 5. Domain Adaptation for Pose Estimation

The distance between the source and target distributions of the input data can be measured
via the H-divergence. As it is impractical to compute, it can be approximated by considering
the generalization error of a domain classification problem. In essence, the distance will be
minimum if a domain classifier is incapable of distinguishing between the samples from the
different domains. Such domain confusion can be achieved by learning a mapping from the
input data to an image representation invariant across domains.

To do so, we rely on the architecture presented in Figure 5.3(a). It is a multi-task architecture
comprising three main components. The first one, Gy with parameters 0 ¢ extracts features
from the input image. Sharing these features, the branch G, with parameters 6, detects body
landmarks and limbs in the image. In parallel the branch G, with parameters 6 classifies the
input image into a domain label d € {synthetic,real}. The adversarial adaptation procedure
consists of learning a Gy network able to produce high level features sufficient for body
landmark detection but which fool the domain classifier G.

More formally, let us denote by Fj the internal representation of image I in the network
(features), which is computed as F; = G (@ 0 ). We can then define as a measure of domain
adaptation the opposite of the standard cross-entropy loss for the domain classifier

1 d
L ’ = - F) » ) 1
aO5,00) = —~—— MIE;JS 14(G4(F;;02), ¥ (5.1)

where [ is a logistic regression loss and y{’l is the domain label associated with image I. G is a
domain classifier such that G;(Fy;0,) = 1ifIis a real depth image and 0 otherwise. Optimizing
the domain classifier is achieved by maximizing

R, = r%ade(Hf,Hd). (5.2)
d

As shown in (Ganin et al., 2016), Eq (5.2) approximates the empirical H-divergence, measuring
the similarity of the real and synthetic samples through the learned features Fy. Such similarity
measure can then be combined with the regression loss to define our adversarial loss:

Lpa@y,0y,04) = Lpm(0y,0,) + An}gade ©r,04), (5.3)
d

where A represents the trade-off between landmark localization and domain adaptation, and
Lpp () is defined by Eq. (5.6).

The adversarial learning process then consists of finding the optimal saddle point of the 'min-
max’ loss in Eq (5.3) by alternating the optimization of the parameters of the body landmark
detector through the minimization (6},6}) = argming 0y Lp A(-,GAd), and the maximization
04 = argmaxg, Lpa(0 f,Hy,Hd). Therefore, 0 f evolves adversarially to increase the domain
classification confusion while minimizing the error for landmark detection.

Due to the difference in nature between the pose regression and domain adaptation problems,
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5.3. Other Adaptation Methods
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Figure 5.3 — CNN architectures for adversarial domain adaptation. The base domain adap-
tation architecture (a) is composed of a feature extractor module Gy and a pose regression
cascade G, implemented with the CNN architecture in (b) and it is extended with a domain
classifier G, for depth domain adaptation.

their losess involved in Eq (5.3) span different ranges. Therefore, the trade-off parameter A
has to reflect both the importance of the domain classification as well as to this difference
between ranges. Its setting is detailed in Section 5.5.3.

5.3 Other Adaptation Methods

We consider other simpler adaptation methods based on data transformations during training
and testing. Contrary to the unsupervised adversarial domain adaptation method, these do
not necessitate of an auxiliary framework and can simply be used directly with the data at
hand.

Semi-Synthetic Data. Data transformations such as fusing real depth background with syn-
thetic silhouettes can help the model to adapt to sensor information, while learning with
annotated synthetic data. Synthetic mages with fused real background, result in semi-synthetic
data looking more realistic than plain synthetic images. Such a simple approach can improve
the generalization of the model on real depth images given that sensor noise is included during
learning.

We train our models with semi-synthetic data to add depth sensor information. During
training, images are produced on the fly by randomly selecting one depth image background
and body synthetic images, and generating a depth image using the character silhouette mask.
We simply verified that there was a sufficient depth margin between the body foreground
and the background, adding if necessary an adequate depth constant value to the entire
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Chapter 5. Domain Adaptation for Pose Estimation

background image. A more detailed description of the process is presented in Section 3.1.4.

Image Inpainting. Image inpatinting is a collection of techniques used for image restoration.
Their principle is quite simple: replace "bad” pixel colors with its neighbouring pixels so that
the replaced pixel looks like the neighborhood.

During testing we use image inpainting to make real depth images to look like synthetic ones
and directly test with our models trained with semi-synthetic data. To do so, we treat as bad
pixels those that typically correspond to missing values due to sensing errors and those in the
depth shadows around objects silhouette caused by the depth sensing triangulation process.
These pixels are localized by masking pixels with depth values equal to 0. We use the algorithm
by (Telea, 2004) to inpaint these regions. The algorithm which works from the boundary of the
bad regions to the inside, replacing the wrong values by a weighted sum of all the known pixel
values in the neighborhood.

Finetuning. Practical CNNs models often have a large number of parameters. Train them
from scratch with small dataset will result in overfitting. Finetuning a model (i.e. continuing
training) previously trained on a large dataset but continuing a smaller different dataset, allows
to use previously learned relevant features to perform in the new dataset. This can be seen as
transfer learning provided the two related task are not drastically different.

We use finetuning on models trained with synthetic data to adapt them to real depth images.
This is performed by simply continuing training the model with a small amount of labeled real
depth image data as described in Section 5.5.3.

5.4 Network Architectures

5.4.1 Domain Classifier

We implemented the domain classifier G4 using a network composed of two average pooling
layers with an intermediate layer of 1 x 1 convolution, and two fully connected layers before
the classification sigmoid function at the end. We followed (Ganin et al., 2016) and included a
gradient reversal layer (GRL) in the architecture to facilitate the joint optimization of Eq (5.3).
The GRL acts as identity function during the forward pass of the network, but reverses the
direction of the gradients from the domain classifier during backpropagation.

5.4.2 Pose Regressor CNN

We use the CNN architecture illustrated in Figure 5.3(b) for body landmark prediction. It is
the Residual Pose Machines implementation of the convolutional pose machines architecture
class introduced in Section 4.1.1.

Feature extraction network Gy. It consists of an initial convolutional layer followed by three
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5.4. Network Architectures

residual modules with small kernel sizes (3 x 3). The network has three average pooling layers.
Each residual module consists of two convolutional layers and a shortcut connection. Batch
normalization and ReLU are included after all convolutional layers and shortcut connections
as exemplified in Figure 4.3(a).

Pose regression cascade G,. We maintain a large effective receptive field in the design of the
branches ¢;(-) and ps(-). In the first prediction stage the network has three convolutional
layers with filters of 3 x 3 and two layers with filters of 1 x 1, whereas in the remaining stages
there are five and two convolutional layers with filters of 7 x 7 and 1 x 1 respectively.

5.4.3 Confidence Map Prediction and Pose Regression Loss

The CNN pose regressor is trained to predict confidence maps for the location of the different
body parts and predict vector fields (part affinity fields) for the location and orientation of the
body limbs.

The ideal representation of the body part confidence maps H* encodes the ground truth
location on the depth image as Gaussian peaks. The representation is modeled using Eq. (4.1).
The ideal representation of the limbs V* encodes the confidence for the connection between
two adjacent body parts, in addition to information about the orientation of the limbs by
means of a vector field. We use the vector field representation as in Eq. (4.2).

Training. Supervision is applied at the end of each prediction stage to prevent the network
from vanishing gradients. This supervision is implemented by two L loss functions, one for
each of the two branches, between the predictions Hg and V and the ideal representations H*
and V* for stage s

LY =Y |Hp)-H* )3, (5.4)
pel
LY =Y [IVs(p) - V* (p)]I3. (5.5)
pel

The final multi-task loss is computed as:

S
Lem =) (L¥+LY), (5.6)

s=1

where S is the total number of prediction stages.
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5.5 Experiments

5.5.1 Data

We considered the synthetic and real parts of our publicly available DIH dataset introduced
in chapter 3. For both synthetic and real images, we performed data augmentation during
training: rotation by a random angle within [-20,20] degrees with a 0.8 probability, and
image cropping to the 368 x 368 training size with a probability of 0.9. The depth images are
normalized by scaling linearly the depth values in the [0,8] meter range into the [-0.5,0.5]
range.

Synthetic Data

We use the semi-synthetic data as the source domain in our experiments. The semi-synthetic
data is generated during training as discussed in Section 5.3. Additionally we add pixel noise
by randomly selecting 20% of the body silhouette’s pixels and set their value to zero.

Real Data

In these experiments we use the unlabeled training set of real images comprising 6338 Kinect 2
depth images as the target domain *. For evaluation and comparison purposes we use the an-
notated folds as well which comprise 1750, 750 and 1000 images within the training, validation,
and testing folds, respectively.

5.5.2 Evaluation Metrics

Pose Estimation Performance. We use standard precision and recall measures derived from
the Percentage of Correct Keypoints (PCK) evaluation protocol as performance metrics, de-
scribed previously in Section 4.3.2. Average recall (AR) and average precision (AP) values used
to report performance are computed by averaging the landmark detection recall and precision
values over landmark type and over several distance thresholds d to the ground truth.

5.5.3 Implementation Details

Pytorch is used in all our experiments. We train the Residual Pose Machine (RPM) network ar-
chitecture with stochastic gradient descent with the momentum set to 0.9, the decay constant
to 5 x 1074, and a batch of size 10. We initialized the learning rate to a value of 4 x 10~!? and
decreased by a factor of 10 when a validation loss has settled. We limit the experiments to an

INote that since ADA requires no annotation, it could be possible to collect and use much more images than
the 6338 images, with the expectation of obtaining better results. This was not done here and left as future work.
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Figure 5.4 — Comparison of different techniques for synthetic-to-real domain adaptation.

Adaptation method CR AP AR  F-Score
ADA - Min Loss 020 92.95 50.94 0.66
ADA - Max Confusion 0.50 91.26 20.86 0.40
Only synthetic 0.04* 90.37 31.14 0.46
Inpainting preprocessing 0.03* 84.49 52.33 0.65
Finetuning 0.15* 93.96 87.72 0.91
Finetuning (no background) - 92.58 73.46 0.82

Table 5.1 — Comparison of performance obtained with the different techniques for domain
adaptation using the RPM-2S model. CR stands for the confusion rate obtained in the domain
classification task. Values with * were obtained by training a domain classifier using the
corresponding model feature extractor as fixed features. Inpainting preprocessing corresponds
to the application of an inpainting step on the real depth image before applying the detector.

architecture comprised of 2 prediction stages, i.e. RPM-2S.

Adversarial Domain Adaptation Training. We first train the feature extractor and cascade of
predictors of the RPM-2S model with the semi-synthetic data for 200K. Adversarial domain
adaptation (ADA) is then performed by jointly training the domain classifier, feature extractor
and cascade of predictors for another 100K iterations. Following common practices we
gradually updated the trade-off parameter A of eq (5.3) according to the training progress as
Ap= % — A, where p = t/T, with ¢ the current iteration and T = 100K. We set A = 100
so that the two losses in Eq (5.3) are in the same range.

Network Finetune Training. To finetune models we first train the feature extractor and cas-
cade of predictors with the semi-synthetic data for 200K (13 epochs). Then train with real
images for 100 epochs.
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5.5.4 Results
Adaptation Criteria

During adaptation we monitored validation losses for body landmark detection and domain
classification. After T iterations we selected domain adapted models according to either of
two criteria on a validation set:

1. the minimum of a pose validation loss, and
2. maximum confusion (sum of false positives and false negatives for the domain classifi-
cation task).

Table 5.1 reports the results where we also include the performance of models trained without
adaptation.

The adversarial domain adaptation (ADA) framework aims at learning invariant features
across domains. Nevertheless, we note that when maximum confusion is achieved the body
landmark detection task is greatly hampered, and the model performs even worse than non-
adapted models. In contrast, the model selected using a validation error on body landmark
detection outperforms the non-adapted models while still achieving some level of domain
confusion. We can notice that it is the recall performance measure which is greatly affected
when changing the selected criteria. Certainly, a major difference between synthetic and real
images is the lack of data around external edges that form the limbs extremities and silhouette.
These are also the places where pose information is available. Confusing the domain classifier
means that features exploiting this lack of data are removed, which hurts the body landmark
detection performance.

Inpainting and Finetuning Methods

To understand the limits of our unsupervised ADA approach, we compare it with the perfor-
mance of inpainting and finetuned models. Figure 5.4 shows the precision-recall curves of
the different methods, while Table 5.1 summarizes these curves with the maximum F-Score
obtained (also shown graphically in Figure 5.4 right).

We see that ADA slightly outperforms the inpainting approach. Indeed, the latter aims to
fill the missing depth information as an image preprocessing step for non-adapted models.
Observe however that inpainting greatly reduces precision, introducing artifacts in the image
that are later confused as body landmarks or limbs. On the other hand, finetuning directly the
network initially trained on synthetic images with even a small amount of labeled data greatly
improves its generalization capabilities. Interestingly, note that without the addition of real
background (removing the semi-synthetic approach), finetuned models perform worse given
that the initial state of the network is not optimal arising from a representation learned with
pure synthetic data.
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5.6 Summary

In this chapter, we discussed domain adaptation approaches to train deep CNN for multi-
person pose estimation in the presence of the covariate shift caused by training with synthetic
images and testing in real ones.

We explored the unsupervised adversarial domain adaptation framework for our pose regres-
sion setting. Unsupervised adversarial domain adaptation aims to find domain-invariant
features that fools a domain classifier in order to improve performance in the target domain
without the use of annotated data. However, as shown by our experiments, achieving domain
confusion might compromise the discriminant power of the learned features and leads to
poor performance, in contrast to seek for the minimum in a pose validation loss.

We have compared the performance of unsupervised adversarial domain adaptation with
three other approaches: 1) semi-synthetic data transformation approach that forms training
examples with synthetic person silhouettes and real depth image backgrounds, 2) an inpaint-
ing method that makes a real noise image to look similar as a synthetic one, and 3) a simple
finetuning method that exploits scarse labeled real data. Overall, our experiments suggest
that domain adaptation solely improves the performance over synthetic-only trained models,
and can be further boosted by finetuning on a small sample of labeled images when using
pretraining with semi-synthetic data.
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Multi-Person 3D Pose Estimation

In the previous chapters we have studied deep learning methods for 2D human pose estima-
tion from depth images. Nevertheless, in HRI settings obtaining the 2D pose is a stepping
stone for 3D human pose prediction and 3D scene understanding. For instance, in social HRI,
the ability to sense the 3D pose of humans provides to the robot the means to understand a
person’s 3D motion for activity recognition and evaluate their interaction engagement.

This chapter is based on (Martinez-Gonzalez et al., 2020b) and discusses a new method for
fast and accurate multi-person 3D pose estimation for HRI scenarios. Although 3D pose
estimation has been a very important topic of research, factors like person self occlusions,
pose variations, sensing conditions and low computational budget increase the challenge of
deploying accurate, reliable and efficient 3D pose estimation systems.

As reviewed in Section 2.3, methods can be grouped into two main threads: fitting and learning
methods. The former use CNNs to localize 2D body parts and fit a 3D pose model with
anatomical constraints with an optimization model. Learning based methods take advantage
of CNN architectures to directly regress the 3D locations of body landmarks. Despite their great
success the latter methods usually work over image crops centered around the person and
rely on expensive voxelized representations. Thus, in the multi-person pose estimation setting
the model has to be executed for each person in the scene making them computationally
expensive.

The work for 3D pose estimation presented in this chapter relies on an approach that decouples
2D and 3D pose estimation. In Section 6.2.1 we introduce the regression CNNs architectures
that we use to efficiently solve the 2D multi-person setting. These networks follow the pose
machine architecture class previously discussed in Section 4.1.1 and predict body landmark
confidences and body limb vector fields. Section 6.2.2 describes how we exploit the depth
camera parameters to lift 2D detected landmarks to the 3D space. Our 3D pose estimation
approach follows the learning based methods and regress 3D coordinates of body landmarks
from lifted 2D landmarks (discussed in Section 6.3). The proposed decoupled approach is
better suitable for the multi-person 3D pose estimation scenario which we show through a
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c) 3D Pose estimation
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Figure 6.1 — Overview of our decoupled residual pose approach: a) bottom-up multi-person
2D pose detection; b) for each detected person, 2D body joints are lifted to the 3D space. c) 3D
pose estimation using a residual pose regression network.

series of experiments described in Section 6.4.

6.1 Approach Overview

An overview of our approach for accurate and fast multi-person 3D pose estimation is pre-
sented in Figure 6.1. Our main idea is to better exploit the depth information and decouple
the task in two main steps: 2D multi-person pose estimation and 3D pose regression.

Our motivations are that the first step can benefit from recent accurate and efficient architec-
tures to achieve this task, and that the second one can be done efficiently by directly regressing
the 3D pose coordinates from the 2D ones in two substeps: a simple but effective scheme
which lifts the 2D estimates to 3D using the depth information and pose priors (to handle
partial occlusion); and a novel efficient residual pose 3D regression method that works on
this set of points. This makes our approach computationally lighter for multi-person HRI
settings since compared to CNNs applied to image crops for 3D pose prediction, the cost of
our 3D regression scheme is much smaller, and the cost saving is proportional to the number
of people in the scene.

Specifically, the contributions of our work on 3D pose estimation can be summarized as:

¢ we investigate an innovative method decoupling the 3D pose estimation task into an
accurate and efficient CNN-based 2D bottom-up multi-person pose estimation method
and 3D pose regression;

¢ we propose a simple 2D-to-3D lifting scheme which handles 2D body joint miss detec-
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Figure 6.2 — CNN architectures used for 2D pose estimation. (a) Pose Machine architecture
implemented by RPM and MPM (Martinez-Gonzélez et al., 2020a). (b) Our extension of the
Hourglass network for multi-person 2D pose estimation.

tions;

* we introduce a novel method for 3D pose regression from lifted 2D estimates by relying
on a residual-pose deep-learning architecture;

* we demonstrate that despite its simplicity, our approach achieves very competitive
results on different public datasets and is suitable for multi-party HRI scenarios.

6.2 Efficient 2D Pose Estimation and Lifting

This section describes the CNN architectures used for accurate bottom-up 2D pose estimation
and our proposed method for 2D-to-3D body joint lifting and for handling miss-detections
due to (self-)occlusion or failures.

6.2.1 CNN-based 2D Pose Estimation

We follow recent breakthroughs in multi-person 2D pose estimation that use a CNN to predict
confidence maps p(:) for the location of the body landmarks in the image and part affinity
fields ¢p(-) for the location and orientation of the limbs (Cao et al., 2017). We analyze different
CNN architectures and the impact of their 2D estimates on the quality of the 3D pose.

Three architectures are considered. The two firsts are the efficient pose machines based on
residual modules (RPM) and the one based on MobileNets (MPM) introduced in (Martinez-
Gonzdlez et al., 2020a). These are lightweight CNNs that refine predictions with a series of
prediction stages and are designed for efficient 2D pose estimation with real-time performance,
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Figure 6.3 — (a) Skeleton and limb pairwise relationships; (b) Process to recovery from 2D
detection failures. The missing landmark k; is estimated with the conditional of its limb

see Fig.6.2 (a). Additionally, we consider the Hourglass network architecture (Newell et al.,
2016) which was originally proposed for single person pose estimation. It comprises a series
of UNet-like networks that process image features at different semantic levels. We follow the
original design but adapt the output to predict part affinity fields to match our multi-person
scenario by branching a duplicate of the confidence maps prediction layers (Fig.6.2 (b)).

6.2.2 Pose Lifting

Given 2D landmark detections, we use their corresponding depth values Z to lift them accord-
ingto x=2-K-(Ximg, Yimg 1T, where K = diag(1/ fx, 1/ fy,1) is the depth camera matrix.
However, different errors can arise. For example, a 2D detection might have missing depth
value due to sensing failures. Additionally, as is common in typical HRI scenarios, self and
between-person occlusions will naturally result in missing body detections.

In these cases, rather than feeding our regressor with dummy values which might bias esti-
mations, we propose a simple recovery method. First, in case of missing depth values, we
use the mean depth of the points with valid depth information in the landmark’s vicinity.
Second, in case of missed landmark detections, we rely on a 3D pose prior to infer their
expected coordinates. However, rather than relying on expensive-to-compute prior (Sigal
etal.,, 2011), we follow a simpler 3D limb prior based on pairwise relationships between limb
vectors. Following a tree of limbs from the skeleton and taking the spine limb as root (see
Fig. 6.4(a)), we consider adjacent limbs, encode their 3D direction and length within a joint
Gaussian distribution p(l;, lpa(;)), and learn the model parameters from training data. Then,
to predict the lifted coordinates x; of a missed landmark, we consider its associated limb /; in
the skeleton whose other landmark is already lifted, and compute the mean of the conditional
Gaussian distribution p(l;|lpa(;)) of I; conditioned on its limb parent pa(/;) to further compute
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Figure 6.4 — (a) lllustration of the error introduced by the lifting process of the 2D detected
landmarks; (b) mean absolute error on each coordinate when using the 3D lifted points as the
3D estimation on the ITOP dataset.

Xi.

Note that our approach requires some body landmarks to be detected. Indeed, as in our
opinion it is unrealistically to attempt determining the complete 3D pose of the person from a
few detected body landmarks, e.g. the arm, we assume that at least the spine limb and other
two body landmarks in the trunk (shoulders, heaps) are detected.

6.3 Human 3D Pose Estimation

This section presents our residual-pose learning approach to predict (in a camera coordinate
frame ) the 3D coordinates of a human skeleton comprising J body landmarks.

6.3.1 Residual Pose Learning

Provided the 2D body landmark detections, our lifting step provides a rough estimate of the 3D
pose. Yet, lifted values will exhibit 3D pose estimation errors, specially since lifted 3D points
lie on the depth surface rather than represent the inner joint (see Fig. 6.4). In this regard, in
absence of other sources of errors (missed detections, occlusion, etc.) we can argue that such
estimates differ only from the true 3D pose by some coordinate offset. This inspired us to
follow a simple yet effective approach to obtain refined estimates from rough lifted estimates.

Our approach can be set as follows: given a rough 3D pose estimate x € R/*3 obtained from the

2D landmark detection lifting step, and its true corresponding 3D pose x* € R/*3, the neural
regressor f can focus on modelling their residual x* —x as:
fR+x=x". 6.1)

The function f(X) is the residual to be learned. Graphically, these residuals represent the
vector of coordinate offsets that are necessary to predict the true 3D pose x* (hence a residual
pose). Architecturally speaking, the operation f(X) +X is performed by a shortcut connection
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Figure 6.5 — Residual pose learning framework. Our neural network regressor receives as
input a lifted 3D pose X. Due to the global skip connection, the regressor has to predict the
residual pose f(X) to be added to x to predict the true 3D pose. The building block of our
neural network regressor is a linear layer followed by batch normalization, ReLU activations
and dropout, and with a skip connection.

with the identity mapping of X, as shown in Fig. 6.5.

Additionally, we can augment X by incorporating the confidence of the 2D detections provided
by the 2D pose estimation CNN. This will add an extra dimension for each detected landmark
%€ R7*4, In such case the shortcut connection works as a pooling layer that removes the extra
dimension to match the one of x*. We analyze this particular case in Section 6.4.

6.3.2 Neural Network Regressor

We aim to find a simple and efficient network architecture f that performs well enough in the
regression task. Fig.6.5 shows a diagram with the basic building blocks of our architecture. It is
a multi-layer network consisting on a series of fully-connected layers, each followed by batch
normalization, ReLU activations and dropout layers. The first layer receives as input the lifted
pose X and outputs 2048 features. This number of features are kept fixed until the output layer
that generates the residual pose vector in R/*3. Each of the inner layers have skip connections.
One can normally squeeze as many inner layers S to make the regressor deeper. However, we
setS=3.

6.3.3 Pose Learning Loss

Letx = f(X) +X be the 3D pose prediction. We use the following loss to train our neural network
regressor

1L, .,
Lres:_Z”Xi_xl'“l, (6.2)
Jia

where x} is the ground truth of the body landmark i and %; is the 3D prediction for such
landmark. In our experiments we use the smooth L1 norm as we found out that it works better
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than the L2 or plain L1 norms.

6.4 Experiments

We conducted several experiments to evaluate our approach effectiveness in single and multi-
person scenarios.

6.4.1 Depth Image Datasets

ITOP (Haque et al., 2016). This dataset consists of images in a single person pose estimation
setting. It has 18k and 5k depth images for training and testing, respectively, recorded with
an Asus Xtion camera. It was built from 20 subjects performing 15 different actions each.
Section 3.2.3 provides more details of this dataset.

CMU-Panoptic (Joo et al., 2017). This dataset was previously introduced in Section 3.2.2.
It comprises multiple recordings acquired with different sensor devices such as color and
depth cameras (Kinect2). We consider a subset of the depth recordings from the Haggling
category. The setup contains several interacting people with diverse body pose configurations
with respect to the camera and between-person interactions. For training we selected 15k
3D person instances from the sequence 170407 haggling a3 for training. For testing 1.5k 3D
person instances were selected from the sequence 170407 haggling b3.

6.4.2 Evaluation Metrics

Mean Average Precision (mAP). As standard practice in 3D human pose estimation, we use
mean average precision at 10 cm (mAP@10cm) to measure the 3D detection performance. A
successful detection is considered when the detected 3D body landmark falls within a distance
less than 10 cm from the ground truth. We report the average precision (AP) for individual
body landmarks and to measure the overall performance, the mean average precision (mAP)
defined as the mean of the APs of all body landmarks. Larger values are better.

Mean Per Joint Position Error (MPJPE). It measures the average error in Euclidean distance
between the detected 3D body landmarks and the ground truth. Lower values are better.
We report MPJPE in centimeters for each body landmark and their mean for the overall
performance (mMPJPE).

Percentage of Correct Keypoints (PCK). We use PCK to evaluate the performance of the 2D
pose estimation task. It relies in the precision and recall that result from the percentage of
correct detected keypoints (body landmarks). We follow the evaluation protocol presented
in (Martinez-Gonzdlez et al., 2018b). For each joint (e.g. knee), true positives, false positives,
and false negatives are counted using a radius obtained according to the height of the bounding
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CNN model MPM RPM HG
FPS 84 35 18

# Params 304.9K 2.84M 12.9M
F-Score (2D) 0.96 0.96 0.97
mAP@10cm 85.61 85.96 85.97
mMPJPE 6.83 7.18 6.78

Table 6.1 — 2D and 3D pose estimation performance obtained for the different 2D CNN
architectures and their computational complexity.

box (ground truth) containing the person. Then, the precision and recall rates are calculated by
averaging the above values over a set of varying radius, body landmarks, and dataset samples.

6.4.3 Implementation Details

Image Pre-Processing. We normalize the depth images by linearly scaling the depth sensor
values in [0, 8] meter range into the [-0.5,0.5] range.

2D CNN architectures and Training. We keep the performance-efficiency trade-off reported
in (Martinez-Gonzélez et al., 2020a) and experiment with RPM with 2 stages and MPM with
4 stages. We configure the Hourglass architecture (HG) to 2 stages as it was shown that
performance saturates at this point (Newell et al., 2016).

We train the 2D pose estimation CNNs using Adam. To avoid overfiting due to the low number
of depth images in the addressed datasets, and increase the 2D pose performance, we train
the networks for 13 epochs with the large synthetic people dataset introduced in (Martinez-
Gonzdlez et al., 2018b). Then, the CNNs are finetuned using the real dataset ITOP or CMU-
Panoptic) for 100 epochs.

Residual Pose Regressor. We train our neural network regressor for 200 epochs using Adam
and minibatches of size 128. We apply standard normalization to the 3D lifted pose and the
3D ground truth pose by substracting the mean and dividing by the standard deviation. We
select 1e — 3 as initial learning rate and decrease it by 2 every 20 epochs.

6.4.4 Experimental Results

2D Pose Network Architectures. We evaluate the quality of the 2D pose predictions for the 3D
pose estimation task in the ITOP dataset. Fig. 6.6 shows the 2D pose estimation performance
curves and the 3D pose error in terms of MPJPE for the different CNNs. Table 6.1 summarizes
these results with the maximum F-Score obtained for 2D pose estimation, and the mAP and
mMPJPE for 3D pose prediction. Indeed, providing better 2D pose estimates reflects directly
in the 3D performance. Overall the HG 2D detections provide the best 3D estimates achieving
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Figure 6.6 — Performance of the different CNNs for 2D pose estimation. Left: 2D pose estima-
tion performance measured with recall and precision curves. Right: resulting 3D estimation
pose performance in terms of MPJPE for each body part. The lower the better.

the lowest mMPJPE and better mAP. We select the HG network for the rest of the analysis.

Computational Requirements. Table 6.1 reports the number of parameters of each CNN and
the frames per second (FPS) required for the forward pass in a single Nvidia card GTX 1050.
Note that the FPS is also valid for the multi-person case since the CNNs predict the pose
for each individual in the image in a single forward pass. Additionally, the neural network
regressor requires 12.7M parameters but runs at 1700 FPS, so its cost, even when applied
for multiple person, is negligible compared to that of a 2D pose CNN. Hence our proposed
approach can run very efficiently in real-time in a single GPU.

Comparison with The State-Of-the-Art. Table 6.2 compares the detailed AP scores for each
body landmark of our proposed approach (R-Pose) with the state of the art in the ITOP dataset.
Overall our residual pose learning approach shows very competitive results obtaining the
second best performance. The best performing work is (Moon et al., 2018) that processes
voxelized representations of the 3D space processed with a 3D CNN, and uses an ensemble
of 10 models for the final prediction. Contrary, our residual pose approach is simpler and
efficient, requiring a single low budget GPU and achieving real time performance. Example
results are shown in Fig. 6.7 (top row).

Multi-person 3D pose estimation. Table 6.2 reports AP and MPJPE for the multi-person
setting in the CMU-Panoptic dataset. Naturally the ranges of pose profile, multiple scales,
and the quality of sensing make this setup more challenging than the single person pose
setting. The more affected body landmarks are the hands and elbows with lower AP and larger
MPJPE. Note these are the elements that are in constant motion and are more affected by self
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Figure 6.7 — 3D pose estimation examples and their 2D projection of our approach on the
single person ITOP dataset (top row) and the multi-person CMU-Panoptic dataset (bottom
row).

occlusions, compared to other elements like the torso and head. Fig. 6.7 shows prediction
examples.

Recovery from 2D Failures. We report the results of removing the prior recovery component
introduced in Section 6.2.2. Table 6.2 shows the performance for the single and multi-person
settings (R-Pose™). The performance drops especially for the multi-person scenario.

2D Landmark Detection Confidence. We incorporated the confidence of the 2D detections
provided by the CNN that range in the [0, 1] interval by padding the confidences to the input
lifted skeleton and proceed with our residual pose learning setting. When a landmark was
recovered by the process discussed in Section 6.2.2, we set a low confidence value of 0 = 0.1 to
identify them from the rest. The results are reported in Table 6.2 (R-Pose*). The mAP slightly
decreases in this case. However, in the multi-person setting some especific elements (head,
elbows, hands) have slightly better detection rate.

Coordinate Regression. We experimented with 3D coordinate regression using the neural
network architecture introduced in Section 6.3.2 and predict X, Y, Z coordinates of the body
landmarks from lifted 2D detections, dropping the residual pose connection. Table 6.2 com-
pare these results (C-Reg) with our residual pose approach. The performance drops for both
single and multi-person settings. Certainly when people appear roughly in the same position,
asitis the case in ITOP dataset, 3D coordinate regression presents a good alternative. However,
our residual pose approach outperforms the direct 3D coordinate regression in both, the single
and multi-person settings.

6.5 Summary

In this chapter we addressed the problem of multi-person 3D pose estimation from depth
images. We have introduced our proposed approach that decouples 3D pose estimation into
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ITOP (front-view)
AP@10cm
Body part (Jungetal., 2015) (Haqueetal., 2016) (Guoetal,2017) (Moonetal,2018) R-Pose R-Pose* R-Pose” C-Reg
Head 97.8 98.1 98.7 98.29 98.27 98.13 98.33 97.8
Neck 95.8 97.5 99.4 99.07 98.6 98.56 98.5 98.66
Shoulders 94.1 96.5 96.1 97.18 95.34 95.2 92.78 95.64
Elbows 77.9 73.3 74.7 80.42 76.52 75.89 74.38 74.24
Hands 70.5 68.7 55.2 67.26 61.69 61.28 59.98 55.01
Torso 93.8 85.6 98.7 98.73 98.56 98.64 98.62 97.57
Hips 80.3 72 91.8 93.23 90.07 90.31 89.4 87.09
Knees 68.8 69 89 91.80 89.13 88.93 88.82 88.29
Feet 68.4 60.8 81.1 87.6 84.28 83.52 83.66 83.99
Mean (mAP) 80.5 774 84.9 88.74 85.97 85.71 84.9 84.17
CMU-Panoptic
MPJPE (cm) AP@10cm
Body part R-Pose R-Pose* R-Pose™ C-Reg R-Pose R-Pose* R-Pose” C-Reg
Head 6.59 6.78 10.17 11.17 96.4 96.67 79.47 72.33
Neck 7.29 7.45 8.5 11.68 96.53 96.2 92.13 74.07
Shoulders 8.55 8.66 10.96 14.38 87.17 85.6 77.17 54.33
Elbows 14.52 14.19 23.86 20.2 59.17 61.97 38.3 28.93
Hands 27.85 27.96 31.16 26.37 16.63 17.47 17.77 6.37
Torso 9.06 8.51 9.92 11.93 93.27 92.67 87.6 67.53
Hips 8.57 8.67 12.16 12.99 91.97 90.27 70.1 66.1
Knees 9.24 9.43 14.72 13.96 81.8 80.6 58.67 52.33
Feet 11.26 11.19 18.8 15.54 70.77 70.5 52.17 48.27
Mean 12.2 12.2 16.79 16.11 73.41 73.22 59.17 48.44

Table 6.2 — Visualization of 3D pose estimation performance. Top: mAP of the state-of-the-art
on single person pose estimation setting in the ITOP dataset. Bottom: mAP and mMP]JPE for
the multi-person pose estimation setting in the CMU-Panoptic dataset.

2D pose estimation and 3D pose regression applied on lifted detections. The benefits of
decoupling is that we can efficiently solve 2D pose with lightweight CNN architectures and 3D
pose can be estimated efficiently from the 2D estimations. We have investigated different CNN
architectures for 2D pose estimation all of which are based in the pose machine architecture
class and introduced a pairwise 3D limb prior to recover from 2D detection failures. Our 3D
pose regression approach works in a residual-pose regression learning to predict the 3D pose
by refining lifted detections.

Despite the simplicity of our approach we achieve competitive results in two public datasets for
single and multi-person pose estimation. Our method proposes a more efficient alternative for
multi-party HRI settings than state-of-the-art methods that operate on single person centered
image crops at a time. Our study opens the way for new research. One limitation of our model
is that it does not consider the skeleton kinematics in the learning process. Additionally, body
motion modelling can be introduced to introduce temporal consistency in our 3D predictions.
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rd Human Motion Prediction

An important ability of an artificial system aiming at human behaviour understanding resides
in its capacity to apprehend the human motion, including the possibility to anticipate motion
and behaviour (e.g. reaching towards objects). This chapter is based on (Martinez-Gonzélez
etal., 2021) and introduces a deep learning-based method for human motion prediction from
sequences of 3D human poses, poses which can be extracted with our approach introduced in
chapter 6.

Human motion prediction has been a hot topic researched for decades. With the recent
popularity of deep learning, Recurrent Neural Networks (RNN) have replaced conventional
methods that relied on Markovian dynamics (Lehrmann et al., 2014) and smooth body mo-
tion (Sigal et al., 2011), and instead they learn these properties from data. However, motion
prediction remains a challenging task due to the non-linear nature of the articulated body
structure. Although the different motions of the body landmarks are highly correlated, these
properties are hard to model in learning systems.

A family of RNN-based approaches have proposed to frame the task of human motion predic-
tion as sequence-to-sequence problem. These methods usually rely on stacks of Long Short-
Term Memory (LSTM) or Gated Recurrent Units (GRU) and solve the task with autoregressive
decoding: generating predictions one at a time conditioned on previous predictions (Martinez
etal, 2017a; Aksan et al., 2019). This practice has two major shortcomings. First, autoregres-
sive models are prone to propagate prediction errors over time. Elements of the predicted
sequence are conditioned to previous predictions (containing a degree of error) resulting in
an increment of their error contents. Second, autoregressive modelling is not parallelizable
which may cause deep models to be more computationally intensive since the elements in the
predicted motion sequence are generated sequentially, one at time.

Since the breakthrough of the Transformer neural network in machine translation (Vaswani
etal,, 2017), it has been adopted in other research areas for different sequence-to-sequence
tasks such as automatic speech recognition (Katharopoulos et al., 2020) and object detec-
tion (Carion et al., 2020). These methods leverage the long range memory of the attention
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Figure 7.1 — Proposed motion prediction approach. A transformer with non-autoregressive
decoding predicts future motion from a generated sequence composed from a query pose.

modules to identify specific entries in the input sequence which are relevant for prediction,
a shortcoming of RNN models. During training, the Transformer allows parallelization with
look ahead masking. Yet, at testing time, they use an autoregressive setting which makes it
difficult to leverage the parallelization capabilities. Hence, autoregressive transformers exhibit
large inference processing times hampering their use in applications that require real-time
performance such as in HRI.

Our work for motion prediction presented in this chapter aims to reduce computation cost
and potentially avoid error propagation with a non-autoregressive approach using the Trans-
former neural network. In Section 7.2.2 we present a non-autoregressive Transformer with
self- and encoder-decoder attention. In Section 7.2.3 we introduce different approaches to
compute pose embeddings from 3D skeletons (3D pose representation) and to predict motion
sequences. Section 7.2.4 introduces our approach that uses the encoded motion sequence to
perform human activity classification using the encoder self-attention embeddings. In Sec-
tion 7.3 we present a series of experiments with the results of our approach for human motion
prediction and skeleton-based activity classification. We show that our non-autoregressive
Transformers obtain competitive results with state-of-the-art approaches. Finally, Section 7.4
describes our ongoing and future research work.

7.1 Approach Overview

An overview of our approach for non-autoregressive motion prediction is presented in Fig-
ure 7.1. We use a non-autoregressive transformer decoder that predicts the 3D skeletons
simultaneously (in parallel) from a query sequence generated in advance rather than pre-
dicting one 3D skeleton at a time conditioned the previous predictions. As a consequence,
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the predicted sequence is generated in a single decoding pass resulting in a more efficient
approach.

Our work is inline with recent sequence-to-sequence approaches using transformers with
parallel decoding (Carion et al., 2020; Gu et al., 2018). Contrary to state-of-the-art methods that
rely only in a transformer encoder for human motion prediction (Aksan et al., 2021; Wei et al.,
2020), our approach uses as well a transformer decoder architecture with self- and encoder-
decoder attention. Inspired by recent research in non-autoregressive machine translation (Gu
et al., 2018), we generate the inputs to the decoder with elements from the input sequence.

In addition, we explore the inclusion of activity information by predicting as well activity from
the input sequences. Modelling motion and activity prediction jointly has not often been
investigated by previous works, though these topics are highly related. Hence, we propose a
skeleton-based activity classification by classifying activities using the encoder self-attention
predictions generated from the input motion sequence. We train our models jointly for activity
classification and motion prediction and show the potential of this multi-task framework.

7.2 Method

The goal of our study is to explore solutions for human motion prediction leveraging the
parallelism properties of transformers during inference. In the following sections we introduce
our Pose Transformer (POTR), a non-autoregressive transformer for motion prediction and
skeleton-based activity recognition.

7.2.1 Problem Formulation

Given a sequence X = {x;.7} of 3D poses we seek to predict the most likely immediate following
sequence Y = {y;.ps}, where x;,y; € RN are N-dimensional pose vectors (skeletons). This
problem is strongly related with conditional sequence modelling where the goal is to model
the probabilities P(Y|X;8) with model parameters 6. In our work, 0 are the parameters of a
Transformer neural network.

Given its temporal nature, motion prediction has been widely addressed as an autoregressive
approach in an encoder-decoder configuration: the encoder takes the conditioning motion
sequence X;.7 and computes a representation z;.7. The decoder then generates pose vectors
y: one by one taking z;.7 and its previous generated vectors y;«;. While this autoregressive
approach explicitly models the temporal dependencies of the predicted sequence y;.yy, it
requires to execute the decoder M times. This becomes computationally expensive for very
large transformers, which in principle have the property of parallelization (exploited during
training). Moreover, autoregressive modelling is prone to propagate errors to future predic-
tions: predicting pose vector y; relies in predictions y;«; which in practice contain a degree of
error. We address these limitations by modelling the problem in a non-autoregressive fashion
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Figure 7.2 — Overview of our approach for non-autoregressive human motion prediction. Our
model is composed of networks ¢ and v, and a non-autoregressive Transformer built on feed
forward networks and multi-head attention layers as in (Vaswani et al., 2017). First, a network
¢ computes embeddings for each pose in the input sequence. Then, the transformer encoder
generates self-attention maps from the input sequence of embeddings. Finally, the predicted
sequence is generated with network v in a residual fashion. Activity classification is performed
by adding a learnable class token x¢ to the input sequence.

as we describe in the following.

7.2.2 Pose Transformers

The overall architecture of our POTR approach is shown in Figure 7.2. Similarly to the original
Transformer (Vaswani et al., 2017), our encoder and decoder modules are composed of feed
forward networks and multi-head attention modules. While the encoder architecture stays
unchanged from the original encoder model, the decoder works in a non-autoregressive
fashion to avoid error accumulation and reduce computational cost.

Our POTR comprises three main components: a pose encoding neural network ¢ that com-
putes pose embeddings for each 3D pose vector in the input sequence, a non-autoregressive
transformer, and a pose decoding neural network ¥ that computes a sequence of 3D pose
vectors. While the transformer learns the temporal dependencies, the functions ¢ and v shall
identify spatial dependencies between the different body parts for encoding and decoding
pose vector sequences.

More specifically, our architecture works as follows. First, the pose encoding network ¢
computes an embedding of dimension D for each pose vector in the input sequence x;.7.
The transformer encoder takes the sequence of pose embeddings (agreggated with positional
embeddings) and computes the representation z;.r with a stack of L multi-head self-attention
layers. The transformer decoder takes the encoder outputs z;.1 as well as a query sequence
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q1.m and computes an output embedding with a stack of L multi-head self- and encoder-
decoder attention layers. Finally, pose predictions are generated in parallel by the network ¢
from the decoder outputs and a residual connection with the query sequence. We detail each
component in the following.

Transformer Encoder. It is composed of L layers. Figure 7.3 illustrates the layer architecture.
Each layer has a standard architecture consisting of multi-head self-attention modules and
a feed forward networks (point-wise). The encoder receives as input the sequence of pose
embeddings of dimension D added with positional encodings and produces a sequence of
embeddings z;.7 of the same dimensionality.

Transformer Decoder. Our transformer decoder follows the standard architecture: it comprise
L layers of multi-head self- and cross-attention modules and feed forward networks (see
Figure 7.3). In our work, every layer in the decoder generates predictions. The decoder
receives a query sequence q;:)s and encoder outputs z;.7 and produces M output embeddings
in a single pass. These are then decoded by the network y into 3D body skeletons.

The decoding process starts by generating the input to the decoder q;.)s. As remarked in (Gu
et al., 2018) given that non-autoregressive decoding exhibits complete conditional indepen-
dence between predicted elements y;, the decoder inputs should account as much as possible
for the time correlations between them. Additionally, q;.)s should be easily inferred. Inspired
by non-autoregressive machine translation (Gu et al., 2018), we use a simple approach filling
q1.m using copied entries from the encoder inputs.

More precisely, each entry q; is a copy of a selected query pose from the encoder inputs x;.7.
We select the last element of the sequence xr as the kernel pose and fill the query sequence
with this entry. Given the residual learning setting, predicting motion can be seen as predicting
the necessary pose offsets from last conditioning pose xr to each element y;. We have found
this strategy to work better than a uniform selection from the input sequence as proposed
in (Gu et al., 2018) or pure learnable embeddings like in (Carion et al., 2020).

7.2.3 Pose Encoding and Decoding

Input and output sequences are processed from and to 3D pose vectors with networks ¢
and i respectively. The network ¢ is shared by the transformer encoder and decoder. It
computes a representation of dimension D for each of the 3D skeletons in the input and query
sequences. The decoding network v transforms the M decoder predictions of dimension D to
3D skeletons independently at every decoder layer.

The aim of the ¢ and ¥ networks is to model the spatial relationships between the different
elements of the body structure. To do this, we investigated two approaches. In the first one we
consider a simple approach setting ¢ and y with simple single linear layers. In the second
approach we follow (Wei et al., 2020) and use Graph Convolutional Networks (GCN) that

93



Chapter 7. Human Motion Prediction

Decoder

Add & Norm

Feed
Forward

Encoder ————

Add & Norm

Add & Norm |4

FFGEd ' Multi-Head | | |Zx
Sl Attention

LX

Add & Norm
Multi-Head

Add & Norm

Multi-Head

Attention Attention

J

Figure 7.3 — Encoder and decoder architectures each with L layers. As in (Vaswani et al., 2017),
each layer is composed of feed forward networks and multi-head attention layers.

densely learn the spatial connectivity between body parts.

To make our manuscript self contained, we briefly introduce how GCNs work in our human
motion prediction approach. Given a feature representation of the human body with K
nodes, a GCN learns the relationships between nodes with the strength of the graph edges
represented by the adjacency matrix A € RK*X, Examples of representations are body skeletons
or embeddings. A GCN layer / takes as input a matrix of node features H;_; € RK*F with F
features per node, and a set of learnable weights W; € RF*©, Then, the layer computes output
features

H; =0o(A/H;- W), (7.1)

where o is an activation function. A network is composed by stacking layers which aggregates
features of the vicinity of the nodes.

Our GCN architecture is shown in Figure 7.4. Adjacency matrices A; and weights W; are learnt.
It is composed of graph convolution layers followed by batch normalization, tanh activations
and dropout layers. The internal consist of S residual connections. The first layer takes as
input a set of features Hy, i.e. skeletons or decoder embeddings, and outputs F = 512 features
per node. This dimension is kept fixed until the output layer that generates pose embeddings
or skeleton sequences. Though we can normally squeeze as many inner layers, we set S = 1.

7.2.4 Activity Recognition

Activity can normally be understood as a sequence of motion of the different body parts in
interaction with the scene context (objects or people). In our method, the transformer encoder
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Figure 7.4 — Overview of our Graph Convolutional Network architecture. It is composed of
graph convolition layers followed by fanh activations, batch normalization, and dropout layers.
Similar to (Wei et al., 2020), our architecture comprises S residual connections. In practice we
used S =1.

encodes the body motion with a series of self-attention layers. We explore the use of encoder
outputs z;.7 for activity classification (as a second task) and train a single linear layer classifier
to determine the action corresponding to the motion sequence presented as input to the
Transformer.

We explore two approaches. The first approach consist on using the entire transformer encoder
outputs z;.7 as input to the classifier. However, these normally contain many zeroed entries
suppressed by the probability maps normalization in the multi-head attention layers. Naively
using these for activity classification might lead our classifier to struggle in discarding these
many zero elements. Therefore, similar to (Dosovitskiy et al., 2020), we include a specialized
class token in the input sequence to store information about the activity of the sequence. The
class token xg is a learnable embedding that is padded to input sequence to form x¢.7. In the
output of encoder embeddings z.T, Zg works as the activity representation of the encoded
motion sequence. To perform activity classification we feed z, to a single linear layer to predict
class probabilities for C activity classes (see Figure 7.2).

7.2.5 Training

We train our model in a multi-task fashion to jointly predict motion and activity. Let jr{: M be
the predicted sequence of N-dimensional pose vectors at layer [ of the transformer decoder.
We compute the layerwise loss

L= S iy, (72)
M-Ni5

where y; is the ground truth skeleton at target sequence entry ¢. The overall motion prediction
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loss is computed by averaging the losses of all decoder layers

1 L
Lmotion = Z Z L. (7.3)
I=1

We train our pose transformer with loss

Lporr = Lmotion + ALactivity, (7.4)

where Lgctiviry is the standard multi-class cross entropy loss.

7.3 Experiments

We conducted several experiments to evaluate our method for the tasks of motion prediction
and activity recognition.

7.3.1 Data

Human 3.6M. We use the Human 3.6M dataset (Ionescu et al., 2014) in our experiments for
human motion prediction. The dataset depicts seven actors performing 15 activities, e.g.
walking, eating, sitting, etc. We follow standard protocols for training and testing (Martinez
etal., 2017a; Aksan et al., 2019; Wei et al., 2019). Subject 5 is used for testing while the others
for training. Input sequences are 2 seconds long and testing is performed over the first
400 ms of the predicted sequence. Evaluation is done in a total of 120 sequences across all
activities by computing the angle error between predictions and ground truth in Euler angles
representations.

NTU Action Dataset. The NTU-RGB+D (Shahroudy et al., 2016) dataset is one of the biggest
and challenging benchmark datasets for human activity recognition. It is composed of 58K
Kinect 2 videos of 40 different actors performing 60 different actions from different viewpoints.
We follow the cross subject evaluation protocol provided by the authors that comprises of
40K sequences for training and 16.5K for testing. We use the 3D skeletons provided by the
dataset for our motion prediction task and measure the performance using the mean average
precision (mAP) at 10cm. Given the small length of the sequences, we feed our POTR with
sequences of 1.3 seconds (40 frames) and predict sequences of 660 ms (20 frames) long.

7.3.2 Implementation details

Data Preprocessing. We apply standard normalization to the input and ground truth skeletons
by substracting the mean and dividing by the standard deviation. For the H3.6M dataset we
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=

Figure 7.5 — Examples of images from: (a) H3.6M dataset, and (b) the NTU action dataset.
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remove global translation of the skeletons and represent the skeletons with rotation matrices
(then transformed to Euler angles for testing). Skeletons in the NTU dataset are represented in
3D coordinates and are centred by subtracting the spine joint.

Training. We use Pytorch as our deep learning framework in all our experiments. Our POTR is
trained with AdamW (Loshchilov and Hutter, 2019) and setting the learning rate to 107% and
weight decay to 107°°, POTR models for the H3.6M dataset are trained during 100K steps with
warmup schedule during 10K steps. For the NTU dataset we train POTR models during 300K
steps with warmup schedule during 30K.

Models. We set the dimension of the embeddings in our POTR models to D = 128. The multi-
head attention modules are set with pre-normalization and four attention heads. For the
experiments with GCN architectures we set the number of inner layers to S = 1. We did not
observe benefits with a larger number of inner residual layers.

7.3.3 Evaluation metrics

Euler Angle Error. We follow standard practices to measure the error of pose predictions in
the H3.6M dataset by computing the error between the Euler angle skeleton representations.
First, pose predictions are transformed from rotation matrices to Euler angles. Then the error
is computed with the Euclidean norm between predictions and ground truth.

Mean Average Precision (mAP). We use mAP@10cm to measure the detection performance.
A successful detection is considered when the predicted 3D body landmark falls within a
distance less than 10 cm from the ground truth. The mean average precision (mAP) is defined
as the mean of the APs of all body landmarks.

Mean Per Joint Position Error (MPJPE). MPJE measures the average error in Euclidean dis-
tance between the predicted 3D body landmarks and the ground truth.

7.3.4 Results
Evaluation on H3.6M Dataset

In this section we validate our proposed approach for motion prediction and compare it
against the state-of-the-art using the H3.6M dataset.

Non-Autoregressive Prediction. We compare the performance of our non-autoregressive
transformer with its autoregressive version. The autoregressive version does not use the query
pose and predicts pose vectors one at a time from its own predictions fed to the decoder.
Table 7.1 reports the obtained Euler angle errors. Our non-autoregressive approach shows
lower error than its counter part (POTR-AR) in most of the time intervals.
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milliseconds 80 160 320 400 560 1000
POTR-AR 023 057 099 1.14 137 1.81
POTR 0.23 0.55 094 1.08 132 1.79

POTR-GCN (enc) | 0.22 0.56 0.94 1.01 1.30 1.77
POTR-GCN (dec) | 0.24 0.57 0.96 1.10 1.33 1.77
POTR-GCN (full) | 0.23 0.57 096 1.10 1.33 1.80

Table 7.1 — H3.6M prediction performance. Top: autoregressive (POTR-AR) and non-
autoregressive POTR models using linear layers for networks ¢ and w. Bottom: non-
autoregressive POTR models with GCNs for network ¢ (enc), network y (dec) and both (full).
Values correspond to the Euler angle error performance averaged over all actions. Lower
values are better.

Pose Encoding and Decoding. We experimented with the networks ¢ and v using either
linear layers or GCNs. Table 7.1 reports the results. We indicate when models are trained with
GCN in the encoder (enc), decoder (dec) or in both (full). We observe that the use of GCN
reduces the errors when it is applied exclusively to the encoder. Using a shallow GCN (S =1)
PoseDecFn might be a weak attempt to decode pose vectors. However, we observed that the
small size of the H3.6M dataset might not be enough to learn deeper architectures.

Walking Eating Smoking Discussion
milliseconds 80 160 320 400 80 160 320 400 80 160 320 400 80 160 320 400
Zero Velocity (Martinez et al., 2017a) | 0.39 0.68 0.99 1.15| 027 048 0.73 0.86 | 0.26 0.48 0.97 095 | 031 067 094 1.04
Seq2seq. (Martinez et al., 2017a) 028 049 072 081 | 023 039 062 076|033 061 105 115|031 068 1.01 1.09
AGED (Gui et al., 2018) 0.22 036 0.55 067|017 0.28 051 064 | 027 043 0.82 0.84 | 027 056 0.76 0.83
RNN-SPL (Aksan et al., 2019) 0.26 0.40 0.67 0.78 | 0.21 0.34 0.55 0.69 | 026 048 096 0.94 | 030 0.66 0.95 1.05
DCT-GCN (ST) (Wei et al., 2020) 0.18 031 0.49 0.56 | 0.16 0.29 0.50 0.62 | 0.22 0.41 0.86 0.80 | 0.20 0.51 0.77 0.85
ST-Transformer (Aksan etal., 2021) | 0.21 0.36 0.58 0.63 | 0.17 0.30 0.49 0.60 | 022 0.43 0.88 0.82 | 0.19 052 0.79 0.8
POTR-GCN (enc) 0.16 040 0.62 073 |0.11 0.29 053 068 | 0.14 039 084 0.82 | 0.17 056 0.85 0.96

Table 7.2 — H3.6M comparison with the state-of-the-art for the common walking, eating,
smoking and discussion for across different horizons. Values are the euler angle error.

Comparison with the State-Of-The-Art. Tables 7.2 and 7.3 compares our method with the
state-of-the-art in terms of angle error for all the activities in the dataset. Results obtained
with linear layers and GCN for encoding sequences are shown. Our POTR often obtains the
first and second lower errors in all the activities, specially for the first time ranges. We obtain
the lowest average error in the range (80ms). The use of the last input sequence entry as the
query pose helps significantly to reduce the error in the immediate ranges. However, this
strategy introduces larger errors for longer horizons where the difference between further
pose vectors in the sequence and the query pose is larger. These effects can be observed in
Figure 7.6, where we show the ground truth and predictions sampled every two positions in
the target sequence.

Attention Weights Visualization. In Figure 7.7(a) we visualize the encoder-decoder attention
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Model Directions Greeting Phoning Posing

milliseconds 80 160 320 400 | 80 160 320 400 | 80 160 320 400 | 80 160 320 400
Seq2seq (Martinez et al., 2017a) 0.26 047 072 0.84 | 075 117 174 183|023 043 069 0.82 036 0.71 122 148
AGED (Gui et al., 2018) 023 039 063 069 | 056 081 130 146 |0.19 034 050 0.68 | 031 058 1.12 1.34
DCT-GCN (ST) (Wei et al., 2020) 026 045 071 0.79 | 0.36 0.60 0.95 1.13 | 0.53 1.02 1.35 148 | 0.19 0.44 1.01 1.24
ST-Transformer (Aksan et al., 2021) | 0.25 0.38 0.75 0.86 | 0.35 0.61 1.10 1.32 | 053 1.04 141 154 | 061 0.68 105 1.28
POTR-GCN (enc) 020 045 079 091|029 069 1.17 130|050 1.10 150 165 |0.18 052 1.18 147

Purchases Sitting Sitting down Taking photos
milliseconds 80 160 320 400 | 80 160 320 400 | 80 160 320 400 | 80 160 320 400
Seq2seq. (Martinez et al., 2017a) 0.51 097 1.07 1.16 | 041 1.05 149 163|039 081 1.40 1.62 | 024 051 090 1.05
AGED (Gui et al., 2018) 046 078 1.01 1.07 | 041 0.76 1.05 1.19 | 033 0.62 098 1.10| 023 048 0.81 0.95
DCT-GCN (ST) (Wei et al., 2020) 043 065 1.05 1.13|0.29 0.45 080 0.97 | 0.30 0.61 0.90 1.00 | 0.14 0.34 0.58 0.70
ST-Transformer (Aksan et al., 2021) | 0.43 0.77 130 137|029 046 0.84 1.01 | 032 0.66 098 1.10 | 0.15 0.38 0.64 0.75
POTR-GCN (enc) 0.33 0.63 1.04 1.09 | 0.25 047 092 1.09 | 025 0.63 1.00 1.12|0.12 041 0.71 0.86
Waiting Walking Dog Walking Together Average

milliseconds 80 160 320 400 | 80 160 320 400 | 80 160 320 400 | 80 160 320 400
Seq2seq. (Martinez et al., 2017a) 0.28 053 1.02 1.14 | 056 091 126 140|031 058 0.87 091 | 036 0.67 102 1.15
AGED (Gui et al., 2018) 024 050 1.02 1.13| 050 081 1.15 127|023 041 056 0.62 | 031 054 085 0.97
DCT-GCN (ST) (Wei et al., 2020) 023 050 091 1.14 | 046 0.79 1.12 129 |0.15 034 0.52 0.57 | 0.27 0.52 0.83 0.95
ST-Transformer (Aksan et al., 2021) | 0.22 0.51 098 1.22 | 043 0.78 1.15 130 | 0.17 037 058 0.62 | 030 0.55 090 1.02
POTR-GCN (enc) 0.17 056 1.14 137|035 079 121 133|015 044 0.63 070 | 0.22 056 094 1.01

Table 7.3 — Prediction results for the reminder of the 11 actions in the H3.6M dataset with our
main non-autoregressive transformer.

maps for some of the activities in the dataset. Figure 7.7(b) shows the attention between
elements of the input and predicted sequences for the walking action. The thickness of the
line is proportional to the attention weight. Only weight values larger than the median of
the attention map are shown. Note there exist high dependency between elements in the
second half of the input sequence and first elements in the predicted sequence showing larger
attention values. We also observe some elements in the predictions that attend to distant
dependencies in the input sequence, specially when the overall body motion in both sequence
is low e.g. eating.

Computational Requirements. We measured the computational requirements of models
POTR and POTR-AR by the number of sequences per second (SPS) of their forward pass in
a single Nvidia card GTX 1050. We tested models with 4 layers in encoder and decoder, and
4 heads in their attention layers. We input sequences of 50 elements and predict sequences
of 25 elements. POTR runs at 149.2 SPS while POTR-AR runs at 8.9 SPS. Therefore, the non-
autoregressive approach is less computationally intensive.

Evaluation on NTU Dataset

This section presents our results on motion prediction and activity recognition on the NTU
dataset.

Motion Prediction Performance. Table 7.4 compares our POTR with the different decoding
settings using the mAP metric (higher is better). Notice that removing the activity loss (1 = 0)
slightly drops the performance for the longer horizons, indicating that predicting the activity
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Figure 7.6 — Qualitative results for the H36M dataset. We show results for four actions and
show ground truth and predicted elements coloured in gray and red respectively. Ground
truth and predictions are sampled every two positions of the target sequence.

milliseconds 80 160 320 400 500 660 | avg | accuracy
POTR-AR 096 092 085 0.83 0.80 0.76 | 0.76 0.32
POTR 096 0.93 0.89 0.87 0.86 0.84 | 0.84 0.38
POTR (A =0) 096 0.93 0.89 0.87 085 0.83 | 0.83 -
POTR (memory) | 0.96 092 0.88 0.87 0.85 0.83 | 0.83 0.30
POTR-GCN (enc) | 0.96 092 0.88 0.87 0.85 0.83 | 0.83 0.27
POTR-GCN (dec) | 0.96 092 0.88 0.86 0.85 0.83 | 0.83 0.34
POTR-GCN (full) | 0.95 090 0.85 0.84 0.82 0.79 | 0.79 0.30

Table 7.4 - NTU motion prediction performance on different time ranges with autoregressive
and non-autoregresive POTR. Model marked with memory replace the class token with the
encoded memory for activity classification. Values correspond to the mean average precision
in a 10 cm range (mAP@10cm). Higher values are better.
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Figure 7.8 — NTU per body part motion prediction performance in terms of (a) mAP@10cm
(the higher the better) and, (b) MPJPE (the lower the better).

class contributes to improve the motion prediction. The non-autoregressive setting shows
higher mAP than the autoregressive setting. This is specially visible for longer time horizons.
However, notice that the use of GCN to define networks ¢ and y does not bring many benefits
compared to using linear layers, specially in the full case.

Figure 7.8 compares their overall per joint mAP and MPJPE using linear layers for ¢ and v.
We removed results for the root-joint as we obtained zero MPJPE and perfect mAP scores. As
observed in the plots, autoregressive setting shows larger MPJPE and lower mAP than the
non-autoregressive case, specially for the body extremities (arms and legs components).

Activity Recognition. We test the performance of activity classification using a specialized
class token associated to activity classes. Table 7.4 compares the different POTR configurations
using the classification accuracy. Using a specialized token outperforms using the complete
sequence of encoder embeddings z;.7 (marked as memory). Clearly, given that the self-
attention embeddings might contain many non-informative zeroed values the classifier could
get trapped in an attempt to ignore them. We obtain the best performance when using the
specialized token with ¢ and vy as linear layers. Figure 7.9 provides more classification details
with the activity confusion matrix.

Table 7.5 compares our overall accuracy with state-of-the-art methods performing activity
classification from sequences of 3D skeletons or color images. The first revelation is that our
approach performs inline with state-of-the-art methods with the lowest accuracy. This is
the case for methods that use only skeletal information. Among this category, the method
presented by (Shahroudy et al., 2016) achieves the largest accuracy. They use a stack of LSTM
modules with specialized part-based cells grouping them into arms, torso and legs. Instead,
our approach computes memory for the entire body motion. The best performance overall
is obtained by (Luvizon et al., 2018) which combines color image and skeleton modalities to
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Method Skeletons RGB | Accuracy
Skeletal quads (Evangelidis et al., 2014) V4 - 38.62 %
2 Layer P-LSTM (Shahroudy et al., 2016) Vv - 62.93 %
Multi-task (Luvizon et al., 2018) v Vv 85.5 %
Multi-task (Luvizon et al., 2018) - Vv 84.6 %
Ours POTR Vv - 38.0 %
Ours POTR (memory) Vv - 30.0 %

Table 7.5 — Activity classification performance comparison with the state-of-the-art in the
NTU dataset using different input modalities.

classify activity. By all means including context of the activity provides extra information that
cannot be extracted from working only with skeletal data such as certain objects of interaction.

7.4 Summary

In this chapter we addressed the problem of human 3D motion prediction from a sequence of
3D poses. We have introduced our pose transformer method (POTR), a non-autoregressive
transformer for motion prediction. The obtained benefits are, first, that it does not propagate
the error to long term horizons by conditioning on spurious predictions as in autoregressive
decoding. Secondly, as it produces estimation in parallel it is more efficient at testing time than
the autoregressive setting. Finally, we have leveraged in the encoder self-attention embeddings
to perform activity classification. Despite its simplicity we have obtained competitive results
on motion prediction in the H3.6M dataset.

Our work opens the door for more research. One of the main drawbacks is the error at long
term in motion sequences that arises by feeding the decoder with copies of a single query
pose. A better strategy is to rely in a set of query poses selected, for example, using the encoder
self-attention embeddings by position modelling such as in (Gu et al., 2018). At the same time
activity classification could benefit from using a transformer encoder that works over image
crops of people and use a class token for classification. Final classification could be performed
by aggregating the image based class token and the skeleton based token.

The transformer neural network with large breakthroughs such as Bert (Devlin et al., 2019)
or GPT2 (Radford et al., 2019) first rely on a large dataset to pre-train the architecture and
subsequently finetune on the target data. This practice could also benefit our pose transformer
by, for instance, relying a large synthetic dataset such as (Mahmood et al., 2019) for pre-training
and subsequently finetune on our smaller datasets.
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8.1 Summary of Contributions

Throughout this dissertation we have investigated efficient deep learning techniques for
different components of the human-behaviour understanding pipeline. More concretely, this
thesis covered the following aspects

* Generation of a large scale synthetic depth image database with annotations;

* The design of efficient CNN 2D and 3D pose estimation architectures;

* The study of domain adaptation techniques for adopting DNN pose estimation models
trained with synthetic data and adapt to the real data;

* Non-autoregressive human motion prediction relying on transformers.

Our contributions have focused on the design of efficient DNN models and the exploitation of
the depth image information to perform real-time 2D and 3D pose estimation and motion
prediction in multi-person HRI applications.

Current deep learning approaches for 2D and 3D pose estimation are usually difficult to use
in practical applications due to their large computational cost. Our approaches presented in
chapter 4 addressed this limitation by relying on lightweight and efficient CNN architectures
that perform inference in real-time. We have composed our lightweight CNN with Residual,
MobileNet and SqueezeNet modules and pre-train them with synthetic depth images. All
our models are implementation of the pose machine architecture class that incorporates a
cascade of detectors to refine predictions.

We have shown that using synthetic data with both two-person instances and real background
fusion largely improve the generalization capacities of our models after adapting them to real
depth images. We have proposed to couple our cascade of detectors architectures with knowl-
edge distillation to further improve the efficiency of our lightweight models. Our experiments
showed that our models achieve good accuracy-speed trade-off and are inline in performance
with large and accurate state-of-the-art CNN-based methods.
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The success of deep learning methods rely on very large corpus with high quality annotations
for supervised learning in order to avoid overfitting. We have addressed the need of training
data for our target HRI scenario using synthetic depth images generated by computer graphics
tools, avoiding the burden of data collection and manual annotation. Since training models
with synthetic images and testing with real ones gives rise to the covariate shift problem,
in chapter 5 we studied different unsupervised domain adaptation techniques to mitigate
its effects. Particularly, we investigated unsupervised adversarial domain adaptation and its
limitations versus finetuning (after pre-trainig with synthetic data), and image transformations
such as inpainting methods and synthetic image fusion with depth sensor background. While
unsupervised adversarial domain adaptation reduces the performance drop on real depth
images, we found that simple finetuning on a small annotated dataset of real images surpasses
the performance of the rest of the techniques.

In chapter 6 we presented our proposed approach for multi-person 3D pose estimation from
depth images. Contrary to state-of-the-art deep learning-based methods that address the
task from image crops, our approach decouples the problem in two steps: 1) a 2D pose
estimation step leveraging efficient CNN architectures, and 2) a 3D pose regression from lifted
2D coordinates. We introduced a pairwise limb priors to recover 2D undetected body parts
due to self-occlusions or detection failures. Our experiments showed that our decoupled
approach achieves very competitive performance in both single and multi-person settings
and runs efficiently in real-time. Hence, our approach proposes a better efficient alternative
for multi-person 3D pose estimation for HRI scenarios than state-of-the-art methods that
process heavy voxelized representations with large deep models.

Finally, in chapter 7 we studied human 3D motion prediction in a sequence-to-sequence
fashion with a non-autoregressive transformer. state-of-the-art methods usually learn autore-
gressive RNN models with stacks of LSTM or GRU units, or provide the model with a frequency
representation of the sequence. In contrast, our approach prevents the error accumulation
that arises in autoregressive decoding by instead predicting elements of the target sequence in
parallel from a query pose. We also investigated the use of different architectures to compute
embeddings of 3D skeletons and model the spatial dependencies. Given that activities provide
context for motion execution, we explored the skeleton-based activity recognition using the
transformer encoder self-attention embeddings. Our method shows very promising results
achieving similar or better performance in motion prediction of state-of-the-art methods at
different temporal horizons.

8.2 Perspectives

Our work opens the door for more research. In this section we discuss some of the limitations
of our approaches and propose different directions in that regard.

Modelling 2D Landmark Visibility. Our methods for 2D pose estimation predict incomplete
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estimates when detection failures and self-occlusions occur. This behaviour arises since our
models are trained with ground truth only for visible landmarks. Inferring the location of the
invisible or occluded landmarks is a challenging task that normally requires prior knowledge.
However, a solution is to predict the locations of all body parts (including occluded) and
predict a visibility label for each. To incorporate this idea, our current approach could include
the following two extensions: 1) train our CNN models to predict confidence maps for all the
body parts (including invisible or self-occluded), 2) incorporate an extra branch to predict
binary masks for each body part indicating if that part is visible or not. These extensions
require to manually annotate a small set of images with landmark visibility, indicating different
semantics for the visibility label, e.g. occluded, visible, out of image bounds.

3D Pose Priors. Our current 3D pose prediction approach presented in chapter 6 use a simple
pairwise body part prior to recover missing 2D landmarks. Though we observed good perfor-
mance by including it, pairwise relationships are a simplified version of modelling the body
spatial relationships. A better representation of these relationships should instead consider
denser connections between body parts. For example, designing priors that incorporate rela-
tionships among entire body extremities comprising different body parts such as shoulders,
elbows and wrists.

2D and 3D Landmark Uncertainty Prediction. A concept that we did not explore in our
research is the modelling of uncertainties of the body landmark predictions in 2D and 3D
coordinates. Since DNN models tend to be overconfident in their estimations, uncertainty
information about predictions largely benefits robotics systems to use them in decision
making pipelines. In that regard, a thread to follow is to predict a factorized covariance matrix
for each landmark and learn body landmark prediction in a maximum likelihood fashion.
This approach is more straight forward for learning 3D body landmark in our pose regression
setting. However, for the 2D case a more suitable approach is to predict uncertainties from
confidence maps and using intermediate CNN representations such as the one presented
in (Kumar et al., 2020).

Query Sequence Selection for Motion Prediction. One of the main shortcomings in our
motion prediction method is that we feed the transformer decoder with copies of a single
query pose. This triggers large error in time steps where the target sequence differ significantly
from the query pose. A better strategy is to rely in a process of selection of query poses,
for example using the encoder self-attention embeddings. This process could consist on
predicting the probability of a pose in the input sequence to be the query pose for position
i for the target sequence of length M. Such sequence can be filled by scanning the input
sequence copying elements to the most likely position according to the predicted probabilities

Unified Skeleton-RGB Activity Recognition. From our experiments in human activity recog-
nition we observed that a skeleton-based recognition approach performs poorly. We have also
seen this behaviour in the different state-of-the-art methods that we analyzed (Shahroudy
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et al., 2016). Certainly, further context can be extracted from color images that benefits ac-
tivity recognition such as identifying objects in the image or between person interactions as
remarked in (Luvizon et al., 2018). Since this information cannot be extracted from skeletons
only, a better solution is to incorporate a second transformer encoder that operates from
sequences of image crops. Such transformer encoder predict self-attention embeddings and a
class token from which a classifier predicts the activity label. In this setting, we can also explore
the fusion of both encoder self-attention embeddings, i.e. the skeleton-based embeddings
and the image crops-based embeddings, using linear layers and perform activity classifica-
tion from the aggregated class tokens. A similar approach has been pursued in multi-modal
modelling with transformers like the one presented in (Akbari et al., 2021).
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