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Sommario

In questa tesi si illustra una estensione innovativa degli operatori morfologici: dalla
analisi ed elaborazione di immagini binarie, alla analisi ed elaborazione di immagini
tridimensionali rappresentate tramite voxel. In particolare questi nuovi operatori
morfologici (soprattutto I'estrazione di scheletro e 'operatore di thinning) sono stati
applicati alla analisi e classificazione di un database di azioni umane in un vocabolario
di gesti predefinito.

Partendo da una ricostruzione tridimensionale dell’attore presente nella scena, ac-
quisita con una configurazione innovativa composta da sensori Microsoft Kinect per
Xbox 360 e ottenuta discretizzando il volume osservato in voxel, gli operatori mor-
fologici proposti si sono dimostrati essere uno strumento molto efficace, sia per ot-
tenere una rappresentazione compatta del corpo umano, che per analizzarne i movi-
menti. Classici problemi legati alla Computer Vision o alla Pattern Recognition
possono quindi essere affrontati con un framework comune che non richiede alcuna
informazione a priori sull’oggetto in esame, né impone alcun vincolo sulla qualita
della ricostruzione su cui opera. L’unico input richiesto dagli operatori morfologici
¢ un volume di voxel. Informazioni sulla natura del suddetto volume o vincoli di
risoluzione sono legati solo alla particolare applicazione in cui gli operatori mor-
fologici vengono utilizzati e non limitano ’applicabilitd di nessuno degli operatori
morfologici proposti.

Per quanto riguarda un classico problema di Computer Vision, 'algoritmo morfo-
logico di estrazione di scheletro permette una ricostruzione della superficie dell’oggetto
accurata e molto poco onerosa in termini computazionali. La superficie ricostruita
puo essere rappresentata, sia come unione di sfere, sia come isosuperficie di una fun-
zione definita come combinazione lineare di funzioni elementari a supporto radiale.
Questa rappresentazione risulta essere facilmente gestibile e interpretabile in termini
gerarchici.

Per quanto riguarda un problema legato al Pattern Recognition, ’algoritmo mor-
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fologico di thinning (estrazione del curve skeleton) permette di sottolineare meglio
i movimenti umani. Il curve skeleton, definito come la rappresentazione larga 1
voxel di un volume 3D, riduce la dipendenza della rappresentazione dalla particolare
struttura fisica e genere dell’attore che sta eseguendo I'azione. Questo permette di
migliorare notevolmente le performance del sistema di classificazione di azioni umane.

La prima parte della tesi include inoltre la descrizione della costruzione di un
nuovo sistema di acquisizione per le ricostruzioni tridimensionali basato sull’uso di
Kinect, dispositivi a basso costo recentemente apparsi sul mercato. Abbiamo di-
mostrato come la scelta di utilizzare i Kinect permetta di sfruttare le informazioni
provenienti dalle mappe di profondita, generate direttamente dai dispositivi insieme
alle corrispondenti immagini a colori. La loro utilita si é dimostrata duplice: nel
caso della calibrazione ha permesso di ottenere corrispondenze putative piti robuste
di quanto ottenibile con i classici metodi basati solo sulle immagini a colori; nel caso
della ricostruzione a valle della fusione delle diverse viste ha permesso di ricostruire
la scena anche nelle sue parti concave (solo il Conver Hull ¢ ottenibile se si usa un
approccio Visual Hull solo con camere RGB). Gli algoritmi utilizzati per I'estrazione
di corrispondenze robuste ritornano poi utili anche per 'estrazione di feature di moto
robuste e invarianti rispetto alla posizione dell’attore nella scena, permettendo di ot-
tenere un’ottima percentuale di classificazione anche implementando un classificatore
molto semplice come quello a minima distanza.

Le soluzioni proposte in questo lavoro trovano potenziali applicazioni in tutti i
campi che si basano su una visione o ricostruzione tridimensionale della scena. In
particolare sono state pensate per inserirsi, per esempio, negli ambiti della video
sicurezza (assistenza e supporto domestico), interazione fra uomo e computer (con

interfacce user-friendly) e video giochi immersivi.
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Abstract

This thesis describes an innovative extension of morphological operators: from the
analysis and processing of binary images, to the analysis and processing of three-
dimensional images represented by voxels. In particular, these new morphological
operators (especially the morphological skeleton extraction and the 3D thinning algo-
rithms) are applied to the analysis and classification of a database of human actions
in a predefined vocabulary of gestures.

Starting from a three-dimensional reconstruction of the actor in the scene, acquired
with an innovative configuration composed of Microsoft Xbox 360 Kinect devices and
obtained by discretizing the acquired volume using voxels, the morphological opera-
tors, proposed in this thesis, have proven to be a really effective tool both to obtain
a compact representation of the human body and to analyze its movements. Classi-
cal problems of Computer Vision or of Pattern Recognition can be addressed with a
common framework that, neither requires any prior information on the reconstructed
volume, nor imposes any resolution requirement on the subject under analysis. The
only input for morphological operators is a volume of voxels. Information on the vol-
ume nature or resolution requirements are related only to the particular application
to which the morphological operators are applied, but do not limit the applicability
of anyone of the proposed morphological operators.

With regard to a classical Computer Vision problem, the morphological skeleton
extraction algorithm allows a reconstruction of the object surface that is accurate
and very inexpensive in terms of computational time. The reconstructed surface is
representable either as a union of balls or as an isosurface of a 3D function defined
as a linear combination of elementary functions with radial support. Furthermore,
the representation is easily processable and hierarchically interpretable.

With regard to a problem related to Pattern Recognition, the morphological 3D
thinning algorithm (curves skeleton extraction) allows to better emphasize the hu-

man movement. The curve skeleton, defined as a one-voxel wide representation
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of a 3D volume, reduces the dependence of the representation from the particular
physical structure and from the gender of the performer. This greatly improves the
performance of the human action classification system.

In addition, the first part of the thesis includes e description of the setting up of
a new acquisition system for three-dimensional reconstructions using three Kinect
devices. Kinect is a low-cost device recently appeared on the market. We show how
to exploit the information coming from depth maps, directly produced by the device
together with the corresponding color images. Their utility is twofold: in the case of
calibration, it produces putative matches that are more robust than those achievable
with traditional methods based only on RGB images; in the case of reconstruction
merging different views, it allows to obtain even the concave parts of the scene (only
the Conwver Hull can be obtained using color images with a Visual Hull approach).
The algorithm used for extracting robust correspondences is also useful to extract
motion features that are robust and invariant respect to the actor position in the
scene, allowing to obtain a good classification rate even implementing a very simple
classifier as the minimum distance is.

The solutions proposed in this thesis find potential applications in all the fields
that are based on a 3D reconstruction of the scene. In particular they are designed
to fit in the area of video security (home care and support), human and computer

interaction (with user-friendly interfaces) and immersing video games for example.
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1 Introduction

1.1 Motivations

The importance of realizing naturalistic and socially aware computing and interfaces,
built for humans and based on models of human behaviors, is indisputable. Gestures
and actions are among the principal ways through which a human interacts with
the reality and the possibility of building an automatic system, capable of receiv-
ing and classifying this type of information, has been one of the most fascinating
spur for the research community in recent years. Pattern Recognition is the field of
study regarding the definition and codification of algorithms and theories dedicated
to the design of automatic processes for signal classification. The goal is to mimic
the complex human decisional processes involved in the classification of inputs into
categories using comparatively simple analytical structures, easily translatable in
machine language procedures. According to Neumann et al. [89] and from a compu-
tational perspective, actions are best defined as four-dimensional patterns in space
and in time. The natural way to deal with action representation is, thus, in the
3D environment. Computer Vision technology provides solutions to the problem of
reconstructing a 3D scene starting from its projection on multiple image planes.
Marker-less human motion analysis systems address the problem of estimating
human body motions in non-cooperative environments. Techniques from Computer
Vision and Pattern Recognition serve the purpose of extracting information on hu-
man body postures from video sequences, without the need of wearable markers.
Multi-camera systems further enhance this kind of application providing frames from
multiple viewpoints. In the last decade many multi-camera acquisition setups are
developed using 5 [117] or 8 [95], [111] cameras for recovering a 3D representation
of an actor in the scene. Multi-camera systems, which constituted the standard
for dynamic 3D scenes reconstruction for many years, are being replaced with multi-

stereo camera systems, or better multi-DIBR (Depth Image Based Rendering) device
1
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systems. Recent years have been characterized by an exponential growing of multi-
media applications employing multi-IR-based sensor systems. The need of acquiring
dynamic 3D scenes has driven both academic and industrial worlds towards the
design of effective sensors and algorithms for geometry estimation. Time-of-Flight
cameras [36], structured light 3D scanners [52|, and multi-camera systems [95]|, for
example, permit a real-time acquisition of both static and dynamic elements with
different accuracies and resolutions. Among these, IR-based sensors have proved to
be an interesting research field, because of the many possibilities they offer and the
related problems that have not been completely solved. As a matter of fact, several
innovative applications (e.g., tracking and identification [64], human computer in-
teractions [122], and reconstruction) have been proposed in the literature during the
last years.

In this thesis we explore the use of a multi-Kinect acquisition system (composed
by 3 Kinect) for the reconstruction and analysis of an indoor dynamic scene. It is
a low cost implementation thought also for user-friendly and everyday applications.
From the reconstructed information, the purposes of the research work described in
this thesis are the design, implementation and testing of an automatic human action
analysis and classification system. Two are the system constraints: the first is the
restriction to the classification of actions performed by one actor at a time, while the
second is to provide the system with sequences each one containing the execution of
a single type of gesture at a time. Multiple actors situations and continue gestures
classification can be considered, however, natural extensions of the system designed
in this work.

After the acquisition scenario is implemented and the 3D volume information ex-
tracted, the next part of our research is related to Pattern Recognition area and it is
focused on the development of new methodologies for the extraction of signals from
volumetric data able to represent meaningful information. In particular, we dedicate
our research to the analysis of the human body and the classification of sequences
of 3D reconstructed human poses in a predefined vocabulary of gestures. Inside this
framework, the many possible applications and the related problems are often faced
with ad-hoc techniques in the literature. We believe, however, that a great amount
of applications can highly benefit from a morphological volume processing, not yet
deeply studied. Let us consider, for example, the suitable morphological algorithms
for images. They are commonly used e.g. in Optical Character Recognition, Biom-

etry (finger print enhancement), video restoration, and medical image analysis [38].
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1.2 Examined Issues

The same powerful properties of morphological operators can still be valid for binary
volumes and 3D morphological operators can be successfully implemented in many
applications. We develop several 3D morphological algorithms and apply them to
different possible application scenarios, showing their efficiency and performances.
In the following Sections we introduce the examined issues, the application scenar-
ios considered for testing the proposed methodologies, the main contributions, and

possible application fields.

1.2 Examined lIssues

Volumetric Reconstruction

The choice of the input devices has been the starting point of this work. According
to the literature [53], image-based classification systems can be distinguished on the
basis of the type of input device used. Monocular systems receive input images
only from a single view of the scene. This solution suffers from the loss of spatial
information when the 3D scene is projected on the camera image plane: an actor
performing a posture can be represented by different image signals depending on
his position relative to the camera. Multi-camera scenarios are designed to solve
this problem providing multiple views of the scene. In order to truly represent
information about postures, the choice of using a multi-camera system seems to be
more profitable.

Moreover, thinking on an innovative and user friendly camera scenario, we decide
to acquire sequences of human actions with a system composed by 3 Kinect devices.
The first part of our research work is dedicated to the extraction of volumetric in-
formation starting from the acquisition system implemented. The methodologies
that we propose are based on Computer Vision theory applied on color images and
depth maps simultaneously. In order to obtain a 3D reconstruction of the acquired
scene, the devices must be calibrated: intrinsic and extrinsic parameters must be
known. Points matching between two or more images of a scene shot from different
viewpoints is the crucial step to define epipolar geometry between views. Unfor-
tunately, in most cases robust correspondences between points in different images
can be defined only when small variations in viewpoint position, focal length, or
lighting are present between images. In all the other conditions, ad-hoc assumptions

on the 3D scene or just weak correspondences through statistical approaches can be
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used. In this research, we present a novel matching method where depth maps are
integrated with RGB images to provide robust descriptors, even when wide base-
lines are present. We show how depth information can highly improve matching in
wide-baseline contexts with respect to state of the art descriptors.

Once the system is completely calibrated, we extract the human silhouette from
each color image, we use it to segment the corresponding depth map and we reproject
the depth-pixels into the scene. An intersection of the reprojected points gives the 3D
volumetric reconstruction of the actor in the scene. The use of a 3D reconstruction
technique prior to any analysis or recognition routine, allows the recognition system
to work directly on 3D data. Problems like viewpoint dependencies and motion

ambiguities are inherently solved.

Morphological Operators

Frame-by-frame 3D representations of the scene in terms of voxels have been the
input data for any other successive analysis and processing. Considering the power
and the applicability of 2D morphological operators and algorithms [38], [106], we
extend the most common operators to 3D, focalizing our attention on human body
analysis and action classification as possible applications. In particular we extend
the morphological skeleton extraction algorithm to 3D and we develop a new 3D
thinning algorithm.

In shape analysis, the topological skeleton ('TS) is defined as the locus of centers of
maximal (inscribed) open balls (or disks in 2D) [66]. In 2D it is a set of curves, while
in the 3D case the corresponding object is called surface skeleton, because it contains
not only curves, but also surface patches [23]. In many applications, however, a
concise representation of 3D objects with curve arcs or straight lines is desirable
because of its simplicity. This line-like representation of a 3D object is called curve
skeleton and it is a simplified one voxel wide representation of the original 3D object,
consisting only of curves. Skeletons have several different mathematical definitions
in the technical literature, [38|, [106], [37| (see Chapter 5 for a summary). In the
following we refer to topological skeleton (surface or curve) as the thin version of a
shape that is equidistant from the boundaries and to morphological skeleton (MS) as
the result of the 3D extension of the morphological skeleton extraction algorithm, as

described in 2D by Gonzalez and Woods [38].

The 3D thinning algorithm is a morphological algorithm developed in order to give



1.3 Application Scenarios

as output an approximation of the topological curve skeleton. Several methods have
been also suggested to compute and use the curve skeleton, but no one is able to
completely solve the problem. Thinning is a frequently used method for extracting
skeletons in discrete spaces. Most of the existing algorithms, however, are difficult to
implement due to either complex checking conditions or lengthy matching templates
involved |128]. Moreover the main disadvantage of the extracted curve skeleton is its
sensitivity to noise. We focus on the design of a new 3D thinning algorithm for the
computation of the curve skeleton of 3D digital objects. Our algorithm provides good
results, preserves topology, is easy to implement and shows better noise robustness
respect to the state of the art methods [93]. We also show that its application

improves the performance of our action classification system.

1.3 Application Scenarios

The main methodologies proposed in this thesis are evaluated through a number of
simulations and experiments, within the context of human-computer interaction. In
particular, we consider two application scenarios, both with a 3D scene reconstruc-
tion system involving a single actor in an indoor scene: Surface Reconstruction and

Human Action Recognition.

Surface Reconstruction

Surface reconstruction of a static 3D human pose is a Computer Vision problem. It
has many possible applications in computer graphics (we think on an avatar rep-
resentation) and reverse engineering [100]. This work aims to provide a method to
reconstruct the actor body surface that is accurate and computationally inexpensive.
In particular, using a net of Kinect devices, the resolution is on the order of cen-
timeters and it is too low for many algorithms developed in the literature [2], [100].
However, working with morphological operators, no resolution requirements are im-
posed. This frees us from the type of devices used for the acquisition. Several surface
extraction morphological algorithms can be used having the volumetric reconstruc-
tion as voxel-set. The result is similar to a set of scattered points sampled on a
physical shape. We consider the problem of reconstructing the surface from this
unorganized point cloud, having the advantage of knowing the object volumetric

occupancy. The goal is the surface representation as a 3D function.
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Extending the morphological skeleton extraction algorithm to 3D produces an
approximation of the surface skeleton, that is used for surface rendering as union of
balls. This representation is also hierarchically interpretable, a useful property in
many applications. Moreover, having the center and radius of each ball (Medial Axis
Transform), together with the sampled surface, allows to represent the surface as an
iso-surface of a 3D function defined as linear combination of elementary functions
with radial support. This method is inexpensive, in terms of computational time,
and does not depend on the algorithm used to estimate the center and radius of the

inscribed balls (see Chapter 6 for more details and experimental results).

Human Action Recognition

Automatic classification of sequences of human body movements into a pre-defined
vocabulary of gestures is a Pattern Recognition Problem. Vision-based gesture rec-
ognizers allow the development of non-cooperative applications able to sense human
movements at a distance with low-power and rather inexpensive devices. On the
other hand, the problem of human gesture modeling, under a Pattern Recognition
perspective, imposes a deep analysis of the structure of human body movements. In
particular, using all the instruments previous developed, we investigate how to build
spatio-temporal models of human actions. These models can support categoriza-
tion and recognition of simple action classes, independently from body position and
orientation inside the scene, actor gender and body sizes. Starting from sequences
of human body reconstructions corresponding to particular actions, we first repre-
sent these four-dimensional patterns using Motion History Volumes (MHV) [117],
to encode the history of motion occurrences in space and to make the system in-
dependent to the execution speed (impetus of the action). Moreover, the MHV is
computed after a thinning and reconstruction procedure applied on each frame. This
highlights the movement and reduces the body shape dependence, incrementing the
similarity between sequences representing the same action, even if performed by ac-
tors with different gender or different body structure. Motion descriptors are then
extracted. These descriptors must be invariant respect to locations, orientations and
sizes. Similarity Invariant Descriptors, extended on 3D patterns, are used for this
purpose. The classification, using a nearest neighbor classifier based on Mahalanobis
distance, shows good results and the improvements using our thinning algorithm are

demonstrated by the classification rate.
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1.4 Original Contributions

1.4 Original Contributions
The main results obtained in this work can be summarized as follows:

- Development of an innovative acquisition system based on color and depth im-
ages (using low cost Kinect devices) reducing the number of devices commonly
used in multi-camera systems. Depth maps allow to reconstruct the 3D scene
also in its concave parts, while using silhouettes extracted from color images

only the Convex Hull is obtainable.

- Proposal of a novel approach, based on Similarity Invariant Descriptors, to
define putative correspondences between images, where the integration between
depth maps and color images strengths matching capabilities for wide base

acquisition setups.

- Introduction of an unified theory for dealing with different types of analysis
problems based on a 3D reconstruction of the scene. In particular, we develop
morphology operators and algorithms for binary 3D images. They can be
applied independently from the tools used to obtain the 3D reconstruction,

from the surface sampling accuracy, and from the object represented.

- Definition of the structuring elements of a new 3D-thinning algorithm, de-
veloped in order to obtain an approximation of the curve skeleton that is:
homotopic with the original object, geometrically centered within the object
boundary, as close as possible to the object shape, smooth, robust to noise on

the surface, as thin as possible, and efficient.

- Development of a 3D morphological operator to obtain a fast and accurate
surface representation of the reconstructed object. This approach is suitable
for a filtering procedure that allows to extract the most important components

of the object, moving towards a hierarchical representation.

- Implementation of a novel approach for the representation of the action pattern
(each sequence of reconstructed 3D poses is considered globally, avoiding the
problem of frame alignment) that allows to highlight the movement while re-
ducing the body shape dependence (gender or body structure). This approach

improves the success in action classification.
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1.5 Application Fields

The solutions proposed in this work find potential applications in several fields. As
for the 2D case, morphological operators can in theory be applied to all the cases
in which a discrete volumetric reconstruction is available, no matter the resolution
or the object represented. In particular, curve skeleton is useful for many Computer
Vision applications (such as virtual navigation, recognition, classification, surface ap-
proximation, shape analysis and metamorphosis, and animation) because it provides
a local lower dimensional characterization of the rigid or non-rigid object.

Potential applications of human action classification projects can be easily found
in the fields of automatic video surveillance, human-computer interaction researches,
motion based medical diagnosis, and robot skill learning. Automatic recognition
and classification of suspicious or dangerous movements in a domestic environment
(domestic assistance at a distance) is perhaps one of the most important recent needs
demanding for applications related to human action recognition technology.

The surface reconstruction method has many possible applications in computer
graphics, human-computer interaction, immersing gaming, and reverse engineering.

The multi-Kinect calibration could be useful for many applications, as immersing
gaming as well: the use of multiple devices can capture and reproduce the environ-
ment more accurately than using only one device, making the game experience more

realistic and amazing.

1.6 Thesis Outline

This work spans the entire pipeline of the proposed method for the actor represen-
tation and the classification of human actions captured with a multi-Kinect system
(as shown in Fig. 1.1). The thesis is organized as follows.

Chapter 2 presents the calibration procedure to estimate both intrinsic and extrin-
sic parameters. Robust stereo-correspondences between images acquired with wide
baseline are estimated using the information provided by the corresponding depth
maps.

Chapter 3 is devoted to the procedure for obtaining the 3D data. Starting from
the extraction of the actor silhouette on the RGB image, this mask is applied on the
corresponding depth map and the surveyed depth points are then reprojected and

meshed into the scene.
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1.6 Thesis Outline
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Figure 1.1: Block diagram of the proposed method for actor representation and classification of human
actions captured with a multi-Kinect system.

Chapter 4 describes the developed 3D morphological operators and algorithms.
After an introduction on digital topology, some useful morphology processes are

presented, mainly focusing on 3D thinning algorithms.

In Chapter 5 the new 3D thinning algorithm designed to extract curve skeleton (in
a fully automatic process without any parameter selection) is described. Moreover,
the properties of a desirable curve skeleton are discussed, demonstrating that our
thinning algorithm performs well if compared with the state of the art thinning

algorithms designed to extract curve skeleton [93].

In Chapter 6 the representation of the body surface as union of balls (Medial Axis
Transform) or as zero level of a 3D function is discussed, starting from a 3D extension
of the morphological skeleton extraction algorithm. This result is compared with one
of the most used approaches based on Voronoi-diagram |[2].

Chapter 7 describes in detail our human action classification system, reporting the
results of simulations and experiments conducted considering the application scenario
introduced in Chapters 2 and 3, focusing on the improvement obtained using some
morphological operators described in Chapters 4 and 5.

Finally, Chapter 8 draws the conclusions and outlines possible directions of future

researches.
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1.7 List of Publications
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2 Acquisition System

In this Chapter, the acquisition system for capturing the actor performance from
different viewpoints is described together with the procedure for the estimation of
the calibration parameters used in the following reconstruction phase.

The system is developed in the Image and Sound Processing Group (ISPG) lab-
oratory of the Politecnico di Milano. It is thought to obtain a 3D reconstruction of
the action performed. The choice between a monocular or a multiple view system
can affect the system complexity both in design and in realization. A monocular
system has less data to be processed but needs complex algorithms and models in
order to retrieve all the information lost in a 2D projection of a 3D scene. A multiple
view setting allows the reconstruction of the body using a larger amount of data.
Considering the lowering of the cost of 3D acquisition devices and the more complete
representation of the scene, multiple view systems can be considered nowadays the
natural choice for vision-based gesture recognizers design. The use of a set of cam-
eras can greatly improve the performance of the whole system [21], [26], [49]. In fact,
a multi-viewpoint input device makes the system inherently able to solve viewpoint
dependence, motion ambiguities and self-occlusions. The price to pay for this type
of system is the increased complexity in input management and a larger amount of
data to be stored and processed. Multi-camera systems, which constituted the stan-
dard for dynamic 3D scenes reconstruction for many years [95], [111], [117] are being
replaced with multi-DIBR (Depth Image Based Rendering) device systems. Many
low cost realtime depth map reconstruction devices, recently appeared on the mar-
ket, have opened new opportunities for the Computer Vision community to integrate
these information in many research areas. In particular, a multi-Kinect acquisition
system is developed in the ISPG laboratory.

Before being able to reconstruct the 3D scene, the system must be calibrated:
both intrinsic and extrinsic parameters must be known. The block diagram of the

implemented calibration procedure is represented in Fig. 2.1. For the intrinsic cal-
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Figure 2.1: Block diagram of the implemented calibration procedure developed for a net of 3 Kinect sensors.

ibration we follow the approach proposed by Herrera et al. [48] that requires only
a planar surface on which it is printed a chessboard to be acquired from various
poses. For the extrinsic calibration the most commonly adopted method is to find
stereo-correspondences between images, to extract the Fundamental or the Essential
matrix between a couple of cameras, and to estimate the canonical camera calibra-
tion matrices [42]. We apply this method to the 3 couples of Kinect (1and2, 2and3,
and 3andl) and refine the solution using a Bundle Adjustment algorithm [113]. The
innovative contribution in the process developed is to find robust stereo correspon-
dences for wide baseline acquisitions. Robust stereo-correspondences between images
acquired with wide baseline are estimated using the information provided by the cor-
responding depth maps. The knowledge of the underlying depth map together with
a visual snapshot of the scene can greatly improve the robustness of points match-
ing between different views even for wide baseline acquisitions. In this Chapter we
are presenting how visual correspondences from different views can be identified by
robust Similarity Invariant Descriptors (SIDs) once their laying plane is known (ex-
trinsic calibration process). Depth maps, providing a rough geometrical description
of the underlying scene, allow to select only feature points belonging to almost planar
regions, skipping geometrical corners or edges that undergo non-linear distortions for
viewpoint changes. The proposed SIDs keep much more information of the original
area with respect to commonly used affine invariant descriptors, like Scale Invariant
Feature Transform (SIFT), making the proposed approach much less prone to false

matches even for wide viewpoint changes.

This Chapter is organized as follows. Section 2.1 introduces the acquisition setup

12
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Projector

Figure 2.2: Smart Space. (a) A graphic scheme of the acquisition setup with 3 devices and an actor in the
scene. (b) A Kinect device.

developed in the Image and Sound Processing Group (ISPG) laboratory of the Po-
litecnico di Milano. Then the complete procedure for the system calibration is de-
scribed: calibration of each Kinect device in Section 2.2, calibration of a pair of
Kinect devices in Section 2.3 and the complete calibration of the 3 devices in Section
2.4. Section 2.5 shows the discriminative power of the proposed SID with respect to
the state of the art SIFT.

2.1 Acquisition Setup

Inside the Image and Sound Processing Group laboratory there is a room called
“Smart Space” built for realizing synchronous video acquisitions of objects and action
scenes. The acquisition set up is composed by a metal structure of size 6 x 4.3 x 2.5
m. The walls have blue curtains for chroma keying segmentation and the floor has
blue moquette for easier background subtraction operation. The illumination is uni-
form through a set of diffused light sources. These precautions help to reduce the
shadows impact during the image segmentation. A multi-Kinect structure with three
viewpoints is used for data acquisition. All the devices are mutually calibrated and
placed at the same height (1.5 m) at the vertexes of an isosceles triangle with base
equal to 6 m and height equal to 4.3 m (Fig. 2.2(a)). The triangle is almost equilat-

eral because the angles are equal to 55°, 55° and 70°. Each device looks directly to
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Figure 2.3: Block diagram of the MS Kinect sensor.

the center of the room and sees the whole actor. This structure is completely new

respect to the one we used in past years that was made of multiple cameras [95].

2.1.1 The Microsoft Xbox 360 Kinect Device

The MS Xbox Kinect device (Fig. 2.2(b)) is a game controller realized for the Xbox
360 console. Thanks to its low cost and good performance, this device is having
success in many other fields, not only related to video-games and entertainment. Fig.
2.3 shows a simplified block diagram of this device. Color information is available,
since an RGB CMOS camera permits to obtain a standard picture (480 x 640) of the
acquired scene (Fig. 2.4(a)). Depth information of the acquired scene is available, as
well, since an IR depth sensor permits to obtain an elevation depth map (480 x 640),
where each pixel has a gray tone proportional to the distance of the acquired 3D
point from the IR camera image plane (Fig. 2.4(b)). The implemented IR depth
sensor consists in an IR projector, an IR CMOS camera, and a processing unit that
controls them and elaborates the acquired signal.

The algorithm used to obtain depth information is based on the triangulation
between the ray emitted by the IR projector and its reflection from the scene to the
IR camera image plane [101]. In particular, a constant IR pattern of dots is projected

by the IR projector on the scene, and the IR CMOS camera acquires the reflected
14
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Figure 2.4: Examples of (a) an RGB image and (b) the corresponding depth map acquired with a Kinect.

Figure 2.5: Kinect IR pattern used for the depth map estimation (available at http://www.ros.org/cgi-
bin/mt-4.3/mt-tb.cgi/279).

pattern, which will be distorted according to the geometry of the objects (see Fig. 2.5
for a typical example). The central processing unit estimates the disparity between
the observed pattern and a pre-recorded image at a constant depth. The output

consists of an image of scaled disparity values.

In order to better explain the depth estimation method, the single-point triangu-
lation principle can be considered [101]. Fig. 2.6 shows the configuration for a single
point. O, and O, are the IR projector and camera optical centers respectively, d
represents the baseline, and 2, and z. are the projector and camera optical axes.

The projected dot reaches the object surface at point S and is back scattered at

15
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Projector

Figure 2.6: Scheme of the triangulation principle. Op and O, are the IR projector and camera optical centers
respectively, d represents the baseline, and zp and z. are the projector and camera optical axes.

point S’ on the IR camera image plane. The measurement of the location (us,vs) of
the image point S’ defines the line of sight S’O,. Since the ray SO, is known, the
intersection between the two rays is the point S. Knowing the distance of S from the
IR camera image plane, the gray tone of S’ is assigned.

Working with the triangulation principle and using an IR pattern, the Kinect has
some weaknesses: the sunlight blinds the IR depth sensor (see Fig 2.7 (top row)),
and the projected pattern should not be significantly changed by the reflection of
the object surface (it changes depending on the incident angle on the surface or on
the kind of surface). Transparent or shiny surfaces are not seen by the IR sensor
and appear white in the depth map (as the bottle of water in Fig. 2.7 (middle
row), or the table surface in Fig. 2.7 (bottom row)). There are also missing data in
correspondence of occlusions and shadows (some examples are available at Milani’s

web page [81]).

2.1.2 Time Synchronization

Video sequences, both color images and depth maps, coming from different devices
provide a scene description from different viewpoints. In order to obtain the 3D
reconstruction of the scene, it is necessary to know position and orientation of all
the devices respect to each other. An important aspect in the reconstruction of 3D
scenes through multiple devices is the time synchronization between them. Working

with Kinect devices, we are able to record synchronized depth and color streams
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(a) (b)

Figure 2.7: Examples of (a) RGB images and (b) the corresponding depth maps acquired with a Kinect.
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from each Kinect sensor. The device provides RGB and depth data that are not
hardware synchronized. However, the OpenNI framework SDK, with its Point Cloud
Library, allows to synchronize the frames on the client size finding the best possible
combination of frames, resulting in a lag up to 16 ms between depth and RGB frames.

This is sufficiently accurate considering the speed of the recorded movements.

The implemented system for acquiring synchronized multi-view color and depth
data using multiple Kinect devices follows the idea proposed by Ahmed [1]. First
of all each Kinect is connected to a dedicated machine. The hardware setup is
identical for each Kinect, which assures that the data transfer and processing will
take place at the same speed. Each machine is also synchronized to a web-server
(http://www.time.is), so that all the internal clocks are synchronized (within a pre-
cision of 20 ms), all reporting the exact time. For data synchronization all the
machines are programmed to start recording at the exact same time and also the
number of frames to record is fixed. Since the Kinect frame rate, the total number of
frames to record, and the recording start time are known, exact clock ticks for each
frame (both RGB and depth) are calculated in advance. Each machine then uses the
synchronous interface at the precalculated time to query for depth and RGB data.
In order to minimize the I/O overhead, both RGB and depth are stored in a buffer
and, once the recording is finished, are written in the disk. Since all the machines

are querying the data at the exact time, the acquisition drift is kept under check.

2.2 Kinect Calibration

For the Kinect calibration we follow the method proposed by Herrera et al. [48] that
requires only a planar surface on which is printed a chessboard to be acquired from
various poses. The complete model (internal and external calibration parameters)

includes 20 + 6N parameters, where N is the number of calibrated images.

Color camera calibration has been studied extensively [46] [133]. For the color
camera intrinsics, we use a similar intrinsic model as Heikkild and Silven [46], which
consists of a pinhole model with radial and tangential distortion corrections. The
projection of a point from color camera coordinates X, = [z, Y, ZC]T to color image

coordinates p. = [uc, v]? is obtained through the following equations. The point is
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2.2 Kinect Calibration

Figure 2.8: Examples of chessboard acquired from different viewpoints for the Kinect calibration: (a) RGB
images, (b) depth images.

first normalized by X, = [T, yn]T = [2¢/2¢, Ye/2)T. Distortion is then performed:

X, — 2k3nyn + k‘4(’l“2 + 21%)
T ks(r? + 202) + 2kaznyn

(2.1)
xp = (1 + k1r? + kart)x,, + x,, (2.2)

where ki, ko, k3, ks are coefficients for radial distortion, and r? = x% + yTQL Finally
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Xc

I

Optical axis

O
Optical center

Figure 2.9: Representation of the camera pin-hole model avoiding distortions. x. is the 3D point in camera
coordinates (z axis corresponds to the camera optical axis), pc is its projection on the image plane, cg is
the principal point, and O, is the optical center.

the image coordinates are obtained:

Ue f cx 0 ue Tk
vel =10 fcy Ueo Yk | > (23)
1 0 0 1 1

where (fez, fey) is the effective focal length expressed in pixel size (the camera focal
length is unique but it is usually assumed that pixels height is different from their
width), and (uco, ve0) is the image center, also called the principal point. The classic
pin-hole camera model is represented in Fig. 2.9. The complete color camera model

is described by 8 parameters L. = { fex, fey, Ueo, Veo, k1, k2, k3, ka}.

The transformation between depth camera coordinates xg = [z4, Y4, zd]T and depth
image coordinates pg = [ug, vg]” follows the same model used for the color camera.
Since the distortion coefficients are estimated with very high uncertainty and the
distortion correction does not improve the reprojection, Herrera et al. [46] do not

use distortion correction for the depth image. The relation between the disparity
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2.2 Kinect Calibration

{C}

Figure 2.10: Reference frames and transformations present on a scene. {C} and {D} are the color and depth
cameras’ reference frames respectively. {V} is the reference frame anchored to the calibration plane and
{W} is the world reference frame anchored to the calibration pattern.

value d and the depth z4 is modeled using the equation:

1
24 = ad=p) (2.4)
where a and 8 are part of the the depth camera intrinsic parameters to be cal-
ibrated. The model for the depth camera is described by 6 parameters Ly =
{faz, fay, vwdo, vao, v, B}

About the extrinsic parameters calibration and the relative pose estimation, the
goal is to find the relationship between all the different reference frames present in
a scene as shown in Fig. 2.10. Points from one reference frame can be transformed
to another one using a rigid transformation denoted by T = {R,t} where R is a
rotation and t a translation. The relative pose T, is constant, while each image has
its own pose T, resulting in 6 + 6N pose parameters.

Herrera et al. [46] use the corners of a planar checkerboard pattern for calibration.
The checkerboard corners provide suitable constraints for the color image, while the

planarity of the points provides constraints on the depth image.

2.2.1 RGB Camera Calibration

Briefly they use Zhang’s method [133] to initialize the camera parameters: the
checkerboard corners are extracted from the intensity image. A homography is then
computed for each image using the known corner positions in world coordinates
{W} and the measured positions in the image. Calling K the camera matrix in Eq.

(2.3) and considering that the model plane lays on the plane z, = 0 in the world
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coordinate system, it follows that:

Loy
Uc
Y
ve| = K[Rulty] |7 (2.5)
1
Denoting the columns of the rotation matrix as ry ;:
Ue Loy
Ve | = K[rmlarw?vtw] Yw | - (2'6)
1 1

The matrix H = K([ry, 1, w2, tw] represents the homography that relates a model
point x,, (a corner on the real chessboard) with its image point p. (the correspondent
corner on the image). H is a 3 x 3 matrix, defined up to a scalar factor, and it can
be easily estimated from the correspondences pe¢,X,. Each correspondence imposes

two linear constraints on the elements h; ; of H [42]:
—.’L‘wh271 — ywhz,Q — h273 + Uc$wh371 + ’Ucywhgg + ’Uch3’3 =0, (27)

:L‘thl + ythQ + h173 — ucxwhg,,l — ucywh372 — Uch373 =0. (2.8)

The homography is then estimated solving a linear system of equations. Each ho-
mography imposes constraints on the camera parameters which are then solved with

a linear system of equations considering that r; and r,, ; are orthonormal [42].

2.2.2 Depth Camera Calibration

The same method is used to initialize the depth camera parameters selecting the four
corners of the calibration plane (the whole dark box in Fig. 2.8 (b)). These corners
are very noisy and are only used here to obtain an initial guess. The homography is
thus computed between {V} and {D}. This initializes the focal lengths, the principal
point, and the transformation Ty. Using these initial parameters we obtain a guess
for the depth of each selected corner. With this depth and the inverse of the measured
disparity, an overdetermined system of linear equations is built using Eq. (2.4), which

gives an initial guess for the depth parameters (o and /) [47].
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2.2 Kinect Calibration

2.2.3 RGB and Depth Cameras Calibration

In order to estimate T), having T, and Ty, the coplanarity between {W} and {V} is
used. We can use this information by extracting the plane equation in each reference
frame and using it as a constraint. A plane is defined using its unit normal vector n
and the distance to the origin d:

n’x = 4. (2.9)

Assuming that the reference frame {W} is anchored to the calibration plane, the pa-
rameters of the plane in each frames are n = [0,0,1]7 and § = 0. The transformation
T,, obtained at the previous calibration step for each observation in the camera rou-
tine, gives the orientation (n.;) and the distance (é.;) of the plane nZ;-x— 0¢; = 0 with
respect to the camera origin, for each image in the camera frame of reference. If we
divide a rotation matrix into its columns R; = [r;1,T;2,r; 3], the plane parameters

in camera coordinates are:
N =r;3 and 0, = rzgti. (2.10)

The same considerations are made for depth camera frames. As mentioned by Un-
nikrishnan and Hebert [116], the relative pose can be obtained in closed form from
several images concatenating the plane parameters for each image in matrices of
the form: M. = [n¢,nc9,..., 0], be = [dc1,dc2, -+, den], and likewise for the depth
camera to form My and bg. n is the number of depth-image observation pairs, and
the primary subscript ¢ (or d) denotes the camera (or depth) frame of reference
respectively. Imposing the coplanarity between {W} and {V} for each color and
depth camera acquisition, first the translation that minimizes the difference in dis-
tance from the color camera origin to each plane, represented both in the camera

coordinate system and in the depth camera coordinate system, is found [116]:
t, = (M M) " M.(b. — by)T. (2.11)

Also the rotation between the reference frames that minimizes the difference between

the normal from the origin to the corresponding planes in the two frames is found
[116]:

R, = MgM?T. (2.12)
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Due to noise, R, may not be orthonormal. We obtain a valid rotation matrix through
Singular Value Decomposition (SVD) using: R, = UVT, where USV7T is the SVD
of R.

2.2.4 Optimization

The optimization stage of the calibration method aims to minimize the weighted
sum of squares of the measurement reprojection errors [116]. The error for the color
camera is the Euclidean distance between the measured corner position p. and its
reprojected position p.,. Whereas for the depth camera it is the difference between
the measured disparity d and the predicted disparity d’ obtained by inverting Eq.
(2.4). Since the errors have different units, they are weighted using the inverse of

the corresponding measurement variance, 02 and 03. The resulting cost function is:

X llue — )’ + (e —v))?]) | Y(d—d) (2.13)

o2 o2

CcC =

Note that Eq. (2.13) is highly non-linear. The Levenberg-Marquardt algorithm
is used to minimize it with respect to the calibration parameters [116]. The initial-
ization gives a very rough guess of the depth camera parameters and relative pose,
whereas the color camera parameters have fairly good initial values. To account for
this, the non-linear minimization is split into two phases. The first phase uses fixed
parameters for the color camera L. and external pose T, and optimizes the depth
camera parameters Ly and the relative pose T).. A second minimization is performed
over all the parameters to obtain an optimal estimation.

The whole procedure is implemented by Herrera et al. in a Matlab Toolbox
(http://www.ee.oulu.fi/ dherrera/kinect/) [47].

2.3 Kinect Pair Calibration

Assuming that a set of putative correspondences between each pair of RGB images is
available (see Section 2.5 for a detailed explanation of the proposed algorithm used
to find robust stereo correspondences between two Kinect devices), it is possible
to extract the extrinsic parameters between pairs of devices following the standard
calibration method that uses stereo correspondences to extract first the Fundamen-

tal matrix, and then the rigid transformation {R;;,t;}, where i denotes the device
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2.3 Kinect Pair Calibration

Figure 2.11: Epipolar geometry. x; and x; are two corresponding points, projection of X on the two cameras
image planes. O; and Oj; are the two optical centers. I; and l; are the epipolar lines: intersection of the
epipolar plane (plane defined by O; and O; and X) with the respective camera image plane. e; and e; are
the epipoles: intersection of the baseline with the image plane.

assumed as canonical [42].

For each couple of devices, we compute the Fundamental matrix F; ; using a robust
estimator (RANdom SAmple Consensus [112]) on the classical eight points algorithm
proposed by Hartley in 1997 [41]. The Fundamental matrix is defined by the equa-
tion:

x] Fx; =0, (2.14)

where x; and x; are corresponding points on the image plane of the device j and
i respectively (see Fig. 2.11 for the considered geometry). Given sufficiently many
point matches (at least eight), this equation can be used to compute the unknown
matrix F. In particular, writing x; = [z,y;,1]7 and x; = [2;,v:, 1]T, each point

match gives rise to one linear equation in the unknown entries of F:
xixj fi1 +23y; for + i f31 +yivs fi2 +yiy; foo +yi fas + 2 f31 +yj fa2 + fz3 = 0. (2.15)
From all the point matches, we obtain a set of linear equations of the form:
Af =0, (2.16)

where f is a nine-vector containing the entries of the matrix F, and A is the equation
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matrix composed by vectors row coming from stereo-correspondences:
[TiTj, TiYjy Tiy YiTj, YilYys Yis Ty Y 1] (2.17)

The Fundamental matrix F', and hence the solution vector f, are defined only up to
an unknown scale. For this reason, and to avoid the trivial solution f, we make the
additional constraint:

£ =1, (2.18)

where ||f]| is the norm of f. We then enforce the rank 2 condition using Singular
Value Decomposition (SVD).

Once the Fundamental matrix is estimated for each of the three possible couples of
Kinect, the Essential matrix can be estimated (using intrinsic calibration parameters
for each camera) [42]:

E =K FK;, (2.19)

where K; and K; are the intrinsic camera calibration matrices for the 2 devices.
The Essential matrix can be decomposed using SVD and used to extract the relative
position of the second device respect to the device assumed as canonical (P; =
K;[I10]). Considering the SVD of E: SVD(E) = UWVT, since the matrix E is an
essential matrix, W must be a diagonal matrix having w1 = wes = w and ws3 = 0.
Collecting w, E can be rewritten as: £ = Udiag{1,1,0}V 7.

Given the matrix E, four possible configurations for the cameras are mathemati-
cally possible. E can be expressed as:

E = SR = [t],R, (2.20)

where R is the rotation matrix and S = [t], is the emisymmetric matrix from which

the translation vector is estimated:

0 —t3 to
tle=|t 0 —ti]. (2.21)
—ty t 1

The camera calibration matrix will be: P; = Kj;[R|t]. Defining R.,(5) and R.,(5")
26
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two orthonormal matrices representing a rotation of &5 around the z axis:

0 -1 0

Rzp(g) =1 o o, (2.22)
0 0 1
0 10
T

Rzn(_g) =|-1 0 0|, (2.23)

0 01

the possible solutions satisfying Eq. (2.20) are:

S1 = UR,pdiag{1,1,0}U" Ry =URL VT (2.24)
Sy = UR.pdiag{1,1,0}U7 Ry =URL VT, (2.25)

Computing S7 and Sz and considering that the columns of U, expressed as [uy, ug, us],

are orthonormal, the two possible solutions for t are:
t1 = us (2.26)

t2 = —us. (227)

Therefore, for a given Essential matrix E and a first camera matrix P; = K;[I|0],

there are four possible choices for the second camera matrix P;:

Pj1 = Kj[R1|us] (2.28)
Pj2 = Kj[Ri| — ug] (2.29)
Pj3 = Kj[Ry|ug] (2.30)
Pj4 = Kj[Ry| — us]. (2.31)

From the four solutions proposed above, only one ([R|t]) allows to reconstruct
geometrically the 3D scene such as it will be in front of the image planes of both

cameras (see Fig. 2.12).

In order to improve the parameters estimation, a minimization process is then
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Figure 2.12: Geometric representation of the four solutions obtainable with the Kinect pair calibration
algorithms. Only the solution (a) is geometrically coherent because the reconstructed point is in front of
both the cameras.

implemented that minimizes the cost function [42]:

N
k) Ao (k k) £ k
e = {dx", FxM)? 1+ ax, FTxM)2), (2.32)
k=1

where F is the estimated Fundamental matrix £ = K;TEKJ-_l.

2.4 3 Kinect Net Calibration

In order to obtain a complete system calibration, we implement a Bundle Adjustment
algorithm [42] that allows to adjust the rays that link the optical center of each device

with each 3D reconstructed point. In particular the matrices P, of each device and
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Rz tz

Ryts

Figure 2.13: Closed motion configuration. Each couple of devices is considered in counterclockwise order,
considering always the first device as canonical.

the points X7 are chosen so that the cost function:

c=Y d(BXI xl)? (2.33)
i,j

is minimum. We work in a closed motion configuration: looking at the three devices
of Fig. 2.13, each couple is considered in counterclockwise order, taking always the
first device as canonical. At the end of the initialization procedure, to each branch of
the calibration path is associated a pair of extrinsic matrices, in canonical form, where
[Ry|tm] represents the m-th branch. Considering a generic point X, represented
in the m-th Kinect reference system, it can be represented in the m+1-th Kinect

reference system as:
Xim+1 = Ry Xon + ty. (2.34)

Considering our net of 3 Kinect devices and one point X, X is the point expressed in
the Kinect 1 system reference, Xs is the same point expressed in the Kinect 2 system
reference, and X3 is the same point expressed in the Kinect 3 system reference. Xy

in relationship with the second device is:

Xo = R X1 + t5. (235)
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Computed X, we can represent it in relationship with the third device as:
X3 = RoXo + to. (2.36)
Combining the above equations:
X3 = RoR1 X1 + Rat1 + to, (2.37)

where the extrinsic parameters of the third device, respect to the first as canonical,

are:

Ri3 = RoRy, (2.38)
ti3 = Rotq1 + to. (239)

The notation R;; means that the i-th device is considered as canonical (meaning that
during the Kinect pair calibration procedure we have estimated R3 = R31, Ry = Ras3,
and R1 = R12)-

Considering only one device (the device on the bottom of Fig. 2.2(a)) as canon-
ical for the system, all the extrinsic matrices and all the reprojected points can be
expressed in its reference system. Moreover, we can express the canonical device as

a composition of all the devices as:

1
R.=[[Ri=T (2.40)
=3
2 41
te=> (J[R)ti +ts=0. (2.41)
=1 =3

Due to calibration errors R. # I and t. # 0. Moreover, considering the 3D point in

reference coordinate system X = [X,Y, Z]|T, a closing error will occur:
e = X — X2, (2.42)

where X = R.X + to. The estimation of extrinsic parameters can be improved

minimizing the cost function:

K . .
> OIXI - X772, (2.43)
j=1
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Figure 2.14: Representation of the scene acquired by the proposed net of 3 calibrated Kinect devices. Each
device points at the center of the overlapping area. Horizontal FOV and optical axes are represented for
each device. Kinect labeled as 1 is the canonical device.

where K indicates the number of 3D points reconstructed. In order to insert in the
minimization process constraints related to the calibration data acquired too, the

cost function to be minimized (respect to [Ry,|tm]) becomes [113]:
M K . '
0> emmir + 83X - X9, (2.44)
m=1 j=1

where M = 3 is the number of devices to calibrate, e, 41 is the error of the
epipolar relationship between the devices m and m + 1 (m + 1 = 4 corresponds
to the device 1) as defined in Eq. (2.32), o and [ are multiplicative factors that
empathize the closing motion error or the epipolar error computed on the data used
for the calibration process. This cost function is minimized using the Nelder and
Mead algorithm [88]. At the end of the minimization process the 3 depth camera
matrices as P, = K [Rm|tm] are known and we are able to reconstruct the captured

scene as represented in Fig. 2.14.
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Figure 2.15: Block diagram of the proposed matching algorithm, where depth maps are integrated with
RGB images to provide robust stereo-correspondences with wide baseline.

2.5 Wide Baseline Correspondences using Depth Maps

Since our main contributions in the calibration process are the definition and im-
plementation of a novel matching method, where depth maps are integrated with
RGB images to provide robust descriptors, we dedicate an entire section to describe
the algorithm. The block diagram of the proposed algorithm for finding putative
stereo correspondences is represented in Fig. 2.15. Feature points matching between
two or more shots of a scene acquired from different viewpoints is one of the ba-
sic and most tackled computer vision problems. This is the crucial step to define
epipolar geometry between views. In many common applications, like objects track-
ing in video sequences, the baseline is relatively small and features matching can
be easily obtained using well known feature descriptors [34]. However many other

applications require feature matching in much more challenging contexts. Many in-
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teresting approaches based on two RGB images have been proposed in the literature.
Starting from the pioneering work of Schmid and Mohr [104], Matas et al. 78| intro-
duced the maximally stable extremal regions (MSER), where affine-invariant stable
subsets of extremal regions are used to find corresponding Distinguished Regions
between images. Van Gool et al. [83] introduced moment descriptors for uniform
regions. Other approaches are based on clearly distinguishable points (like corners)
and affine-invariant descriptors of their neighborhoods. Thanks to its outperforming
capabilities, as shown by Mikolajczyk and Schmid [80], one of the most popular algo-
rithms is the Scale Invariant Feature Transform (SIFT), proposed by Lowe [70]. The
SIFT algorithm is based on a local histogram of oriented gradient around an interest
point and its success is mainly due to a good compromise between accuracy and
speed (it has also been integrated in a Virtex II Xilinx Field Programmable Gate
Array, FPGA [105]). Actually some other algorithms, always based on affine in-
variant descriptors, got growing interest like the Gradient Location and Orientation
Histogram (GLOH) [80], which is quite close to the SIFT approach, but requires
a Principal Component Analysis (PCA) for data compression, or the Speeded-Up
Robust Features (SURF) [8], a powerful descriptor derived from an accurate integra-
tion and simplification of previous descriptors. All of the aforementioned approaches
assume that, even if nothing is known about the underlying geometry of the scene,
the defined features, since they are describing a very small portion of the object, will
undergo a simple planar transformation that can be approximated with an affine
homography. This simplification has two main drawbacks: first of all the extracted
features are very general and weak, since wide affine/projective transformations must
provide very similar results; moreover, whenever the acquired object presents abrupt
geometrical discontinuities (e.g. geometrical edges or corners) the affine approxima-
tion is not valid anymore. A possible solution to the latter problem can be obtained
having a rough description of the underlying 3D geometry. In particular, within
the Astute Artemis project, we investigate how depth maps can be used to esti-
mate almost planar regions within the image where the considered interest points
are laying.

Many recent approaches integrate range data or depth maps together with geo-
metrical descriptors to improve matching rate in wide baseline or scene changing
contexts. In particular, we point out two quite similar and significant approaches
that tackle 3D distortion geometrical corrections [60] [124|. Anyway both of them

use SIFT as final descriptor after the geometrical corrections. On the contrary, our
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aim is to explore, after the rectification of the planar region around the interest
point, some less flexible and less generic but more robust descriptors. In particular
our descriptors are just similarity invariant, bringing with them more information
about the analyzed region.

The rough geometrical description of the scene obtained using the depth map,
together with Similarity Invariant Descriptor applied on the corresponding visual
snapshot, allows to find robust stereo correspondences in images acquired with wide

baseline.

2.5.1 Surface vs. Texture Relevant Points

We apply the Harris corner detector [40] on each color image and, having the corre-
sponding depth map, we are able to locate the extracted corners on the corresponding

depth map (as shown in Fig. 2.16). Moreover we are able to distinguish between:

- Texture corners: corners due to textural variations but belonging to a flat

surface;
- Geometrical corners: corners corresponding to abrupt variations in the surface.

The capability to characterize different Harris features as geometrical or not (i.e.
if they are also present or not on the depth map) is particularly important for the
definition of robust invariant descriptors. To find if a corner is a texture corner or
not we apply the Principal Component Analysis (PCA) on the depth map region
surrounding each interest point. In particular, according to Jolliffe [54|, we evaluate
the covariance matrix of a 15 x 15 neighborhood around the corner (we use a 15 x 15
neighborhood window centered at the considered point, but it can be adapted ac-
cordingly to the surface roughness or curvature) and then we perform the eigenvector
decomposition. A neighborhood of N pixels around an interest point on a calibrated
depth map can be represented as a 3D cloud of points pj. The covariance matrix S,
is estimated as:

Sp= =7 > (0~ P)(p; —D)". (2.45)

N
i=1

where p is the center of mass of the point cloud. S) is a 3 x 3 matrix and applying
the PCA:

S, =WAWT, (2.46)
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(a) (b)

Figure 2.16: Texture (in red) and surface (in green) corners extracted on (a) the color image and classified
using (b) the corresponding depth map.

where A = diag{A1, A2, A3}. Since the lower eigenvalue A3 indicates the dispersion
(variance) orthogonally to the two major dorections, we account that value as the
local “flatness” index of the point cloud and we accept only values lower than a
threshold. In other words we are imposing to consider only texture corners, which

neighborhood belongs to a flat surface (represented in red in Fig. 2.16).

2.5.2 Local Plane Extraction

The opportunity to recover univocally the plane where the neighborhood of the
interest point lays allows us, applying the proper homography, to obtain a frontal
view of the neighborhood of the considered point, independently from the viewpoint.
Once the planarity of a region around an interest point is verified, the parameters
of the plane passing through that region can be estimated. Many techniques have
been developed to find flat surfaces in depth maps [129]. Also surface curvature
from points cloud has been deeply investigated [130]. To find the tangent plane,
we consider the eigenvector w = [wy,wy, w,]T associated to the lower eigenvalue.
It represents the tangent plane direction cosines. Accordingly to the equation for a

generic point of plane p:

pP=DP W = PpaWs; + Pywy + pw5, (2.47)
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Figure 2.17: Two color images (top raw) and their corresponding depth maps (bottom row) acquired with
the Kinect device.

where the parameter p represents the distance between the plane and the camera
reference system. This distance can be recovered with metrical exactness only if the
depth map is intrinsically calibrated (pixel size and focal length are known).

To improve the estimation of the plane parameters and to group interest points
belonging to the same plane, we adopt a uniform quantization for planes parameters
with different orientations and distances from the origin in a spherical coordinate
system. In particular, given a point p on the plane with Eq. (2.47) and defining 6

as the azimuth angle and ¢ as the elevation angle, we can rewrite Eq. (2.47) as:

Pz - cosl - sing + py - sind - sing + p. - cosp = p. (2.48)
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Figure 2.18: Clustering of different planes on a depth map.

We store the number of interest points belonging to a particular plane, defined by
its three parameters (p, 0, ¢), in the corresponding cell of the 3D Radon Transform
C(p,0,¢) [27]. The regions of cells in the Radon Transform (RT) with the main
number of elements represent the planes present in the acquired scene. For the same
quantization of the three parameters p, 6, ¢, we have experimentally verified that 3D
Hough [15] and 3D Radon Transforms obtain very similar results for the 3D discrete
function C.

To calibrate pairs of Kinect devices, we use a half-cube (3 contiguous faces) with
sides length of 0.8 m. Fig. 2.17 shows two different shots of the calibration pattern
with their respective depth maps. Since we work with 3 couple of Kinect devices, the
only constraint is that, for each useful acquisition, at least a couple of devices sees
at least one common plane of the half-cube. Using the RT, different plane surfaces

from the depth map can be localized in space (as illustrated in Fig. 2.18).

2.5.3 Plane Rectification

Once we find planes in the depth map, we can easily define the homography to
rotate each plane in order to obtain a frontal view [42]: the vector normal to the
plane has to align to the optical axis and the image projected on the depth map is
then transformed into a frontal-view image. A schematic representation of the plane
rotation procedure is presented in Fig. 2.19.

Not only the vector w orthogonal to the plane is necessary, but also the pivot
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(a) (b)

Figure 2.19: Representation of the estimated plane (a) before and (b) after the rotation procedure in order
to align it with the camera image plane.

point for the plane rotation. It is computed as the center of mass of the acquired
points belonging to the estimated plane. A 3D rotation, once the rotation axis and

angle are estimated, can be computed following these steps:

- the plane is translated so that the central point corresponds to the origin of

the system reference;

- the plane is rotated so that the orthogonal axis corresponds to the z axis of the
reference system. In particular, considering a sinistrorse tern, first a rotation
around the y axis is performed so that w belongs to the plane = 0, second a

rotation around the x axis is performed till w’ corresponds to the z axis.

Considering the vector w orthogonal to the plane, the rotation angle around the y
axis is:

0 = arctan(%). (2.49)

w1

When the new orthogonal vector w' = [w], wh, wj] is computed, the rotation angle

around the z axis is:

/
p = arctan(w—,1>. (2.50)

ws
Calling the pivot point p = (z,y, z), the transformation is summarized by the ho-
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(a) (b)

Figure 2.20: (a) Representation of the homography between the rotated 3D plane and the virtual image
plane. (b) Frontal view image obtained after the projection of the rotated plane on the camera image plane.

mography:
1 000 1 00 —2z
0100 01 0 —y
T = R R, (6 ) 2.51
001p$(90)y()001_z (2.51)
0 0 01 00 0 1

where R, () is the rotation matrix representing a rotation of an angle ¢ around the
x axis, Ry(0) is the rotation matrix representing a rotation of an angle § around the
y axis, and p is a scaling factor that can be used in order to place the rotated plane
at a fixed distance p from the original plane.

The homography between the rotated 3D plane and the virtual image plane is
computed to project the points from the rotated plane into the camera image plane
(the camera parameters are known) as shown in Fig. 2.20(a). The frontal view image
is therefore obtained (Fig. 2.20(b)). The frontal view is not yet useful because it
is not regularly sampled. We apply bi-cubic interpolation on the rectified images in
order to minimize artifacts due to the quantization. Thanks to this process we are
able to obtain the so called rectified images, as shown in Fig. 2.21(c) for a set of
synthetic examples.

The direct effect of this transformation is that the misalignment between two
images of the same plane, acquired under different viewpoints, after the rectification

can be modeled by a 2D similarity transformation, completely defined by translation,
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2 Acquisition System

Figure 2.21: Examples of (a) synthetic images obtained by a ray-tracing software and (b) the relative depth
maps. (c) Images obtained after the rectification process.
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2.5 Wide Baseline Correspondences using Depth Maps

rotation and scaling (Fig. 2.21(c)). Considering only rectangular neighborhood (15 x
15) centered around an interest point, we are automatically avoiding the translation
transform between regions of interest and, as a consequence, the feature descriptor
is no longer required to be invariant to translation, but only to rotation and scaling.
Furthermore if the acquisition device is also metrically calibrated (it provides us
the metric distance of each point from the camera), we are able to compare all the
features as if they are placed at the same distance from the camera and the only

remaining degree of freedom is due to the rotation.

2.5.4 Similarity Invariant Transform

Accordingly to the aforementioned steps, we are able to obtain a 2D representation
of the same 3D object part, whose misalignment can be modeled by a four-parameter
geometric transformation that maps each point (xf,y¢) in F' to a corresponding point

(xg,Yq) in G according to the matrix equation (in homogeneous coordinates):

Tg scos?d ssind —Az Ty
Yg | = | —ssind scosd —Ay yr | - (2.52)
1 0 0 1 1

Equivalently, defining the two images as two functions denoted by f and g, repre-
senting a gray-level image defined over a compact set of R, for any pixel (z,y) is
true that:

f(z,y) =g (s(xcos?+ ysind) — Az, s (—zsind + ycos) — Ay), (2.53)

where Az and Ay are translations, s is the uniform scale factor, and ¢ is the rotation
angle. In other words, when we speak about similarity transformation, we refer to

the operations in this order:
RST = RS, - TrAz,Ay- (2.54)

Since we are comparing image regions centered around interest points, the translation
invariance has no relevance in our case and the similarity invariance can be limited
to rotation and scaling.

Many approaches are present in the literature to tackle this problem [87], anyway

most of them, like geometric moments and complex moments, discards more infor-
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(a) (b)

Figure 2.22: Example of neighborhood of the interest point (a) in cartesian coordinates and (b) in log-polar
coordinates.

mation that is strictly necessary in order to obtain a descriptor invariant to rotation,
scaling, and translation. As a result, the extracted features are more general than
required. We orient our research towards complete descriptors, that means that only
representations retaining all the information of an image, except for orientation and

scale, are considered.

In particular, we use the Fourier-Mellin transform (FMT) [20] that is the Fourier

Transform of the image f (z,y) mapped in its corresponding Log-Polar coordinates
frp (u, €) (Fig. 2.22):

f(etcos& etsing) €€ |0,2m)

0 otherwise

fop (p,§) = { (2.55)

where p is the logarithm of the distance to the origin and & is the angle between a

line of reference (the x-axis) and the line through the origin and the point (z,y):

{u = log(x/m)
§

2.56
= arctg (%) (2.56)
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2.5 Wide Baseline Correspondences using Depth Maps

The FMT is defined as:

oo 21

F(w0) = [ [ fup (0,6 €700 e, (2.57)
0 0

Then we explore two possible invariants for orientation and scale: the Taylor In-
variant and the Hessian Invariant. In particular, we recall that, after a Log-polar
transformation, a rotation corresponds to a circular shift along the axis represent-
ing the angles, while a scaling corresponds to a shift along the logarithmic radial
axis. Applying the 2D Fourier transform to the Log-polar transform, the aforemen-
tioned shifts are reflected in a linear phase contribution, while the amplitude remains

unchanged.

Taylor Invariant Descriptor

The Taylor invariant descriptor [16] is focused on eliminating the linear phase con-
tribution that is present in the image spectrum by subtracting the linear phase part
from the spectrum. Let F' (u,v) be the Fourier transform of an image f (z,y), and
¢ (u,v) be the phase of the Fourier transform. The following complex function is

called the Taylor invariant:
Fry (’LL, U) = e_j(au+bU)F (U, U) ’ (258)

where a and b are respectively the derivatives with respect to u and v of ¢(u,v) at
the origin (0,0), i.e.:
= Yu (07 0)

b = 000 (2.59)

The effect is then the registration of the input features in such a way that the
phase spectrum is flat in the origin, i.e. if we should take the inverse transforms, all

of them will be translated to accomplish to this constraint.

Hessian Invariant Descriptor

The idea behind the Hessian Invariant Descriptor [16] is to differentiate the phase
spectrum twice to eliminate the linear phase terms. The invariant parts are then

the modulus of the spectrum and the three, second order, partial derivatives of the
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phase spectrum:
Fg (u,v) = [|F (u,v)], ouu (4, 0) ; oup (1, 0) , oo (u,v)] . (2.60)

Considering the image f(z,y) expressed in log-polar coordinates f (u,&), the two
aforementioned descriptors are invariant to rotation and scaling. We would like
to point out that a descriptor invariant to rotation and scaling is achieved also
considering only the modulus of the spectrum. Preserving the phase relationships
allows to keep more information and to build a more detailed and robust descriptor.

We evaluate both descriptors obtaining very similar results in terms of correct
match rate. Anyway the Taylor descriptor has half elements respect to the Hessian
descriptor, a fact that must be taken into account when the computational load is

considered.

2.5.5 Proposed Algorithm for Stereo-matching

The proposed algorithm can be summarized as follow:

- for each shot of the scene, interest points are extracted using Harris corner

detector applied on the picture;

- the PCA is applied on the neighborhood 15 x 15 of the corresponding point of
each detected point on the depth map and it is used to check the planarity of

the region around each interest point. Ouly texture corners are kept.

- the 3D Radon Transform is applied to all the texture corners and the planes

present in the acquired scene are estimated.

- the PCA is applied to depth map points belonging to each plane and the ho-
mography that transforms that plane into a frontal plane is estimated and
applied, followed by a bicubic interpolation in order to avoid artifacts (rectifi-

cation process);

- the 2D Fourier-Mellin Transform is applied on the reprojected region around

each interest point:

- if the depth map is metrically calibrated, the previous homography places

the region around our interest point at a constant distance from the image
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2.5 Wide Baseline Correspondences using Depth Maps

plane. In this case the 2D Fourier Transform is applied to the reprojected

region expressed in polar coordinates;

- else the scale of the final region is not known and the 2D Fourier-Mellin
Transform is applied to the reprojected region (2D Fourier Transform

applied on the reprojected region expressed in log-polar coordinates);
- the Taylor invariant is applied on F, (w, k);

- the resulted vector (SID) is used as feature descriptor of the interest point
and correct matches from different images are selected as those for which the
Euclidean distance is minimum (only if the ratio between the first and the

second putative match is less than a threshold).

The resulted set of putative correspondences is used to calibrate pairs of Kinect

devices as described in Section 2.3.

2.5.6 Results and Discussion

We perform some experiments and demonstrate the accuracy of the extracted matches
[75], |74]. We check the discriminative power of the proposed SIDs with respect to
state of the art SIF'T by applying them on the rectified versions of the original images
acquired with different viewpoints. Obviously SIFT is built to find matches in the
more general case of affine/perspective transforms, but our aim is to demonstrate
that, when depth maps are available together with their texture images, more de-
tailed descriptors, invariant only to rotation and eventually scaling, can be adopted
providing us better matching score, even when a wide baseline is present.

We perform some experiments using snapshots similar to those visible in Fig. 2.23.
We also analyze results on synthetic images, in order to insulate acquisition noise
contributions and errors due to a wrong estimation of the homography (see Fig. 2.21
for some examples).

In Fig. 2.25 it is possible to see correspondences found by the Taylor Invariant
Descriptor (TID) and the SIFT applied on rectified images. The results proposed
are obtained using the Taylor Invariant Descriptor, but they are similar to those
obtained using the Hessian Invariant Descriptor (HID).

As far as we know, no database of pictures and associated depth maps with a wide
baseline is yet available, so we decide to test our algorithm taking 10 pictures of the

box illustrated in Fig. 2.23 acquired from different viewpoints. We use a Kinect
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Figure 2.23: Gray scale images of a box acquired from different viewpoints (top row) and corresponding
depth maps (bottom row). Texture corners are indicated by empty squares.

Figure 2.24: ITmages of the rectified version of the same plane estimated from the depth map.

device for the acquisitions in an indoor environment and without any restriction
except avoiding the sun light directly on the IR device’s camera. In Fig. 2.24
we show how the planes, where the interest points lay, are reprojected in frontal
views. The homographies have been defined accordingly to the PCA analysis on the
underlying depth map. Matching results are reported in Table 2.1.

The resulting approach demonstrates the profitable integration of depth maps

with acquired images to strengthen matching capabilities and that the proposed
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2.5 Wide Baseline Correspondences using Depth Maps

Figure 2.25: Point correspondences found by the SID (top) and the SIFT (bottom) descriptors applied after
the rectification process performed on the global image.

Table 2.1: Matching results with different descriptors.

Matching results

Synthetic

Depth-map Real box
SIFT correct Match (%) 81% 75%
15¢ over 2" best match 0.79 0.90
. . . . correct Match (%) 88% 83%
Fourier-polar 2D (calibrated) with Taylor Invariant 15t over 27¢ best match 0.61 0.79
. . . . correct Match (%) 84% 80%
Fourier-Mellin 2D with Taylor Invariant 15t over 274 best match 0.69 0.78
. . . . . correct Match (%) 88% 85%
Fourier-polar 2D (calibrated) with Hessian Invariant 15t over 27¢ best match 0.65 0.73
- . . . . correct Match (%) 85% 80%
Fourier-Mellin 2D with Hessian Invariant 15t over 274 best match 0.69 0.79

descriptors hold much more information of the original image patch respect to more
general descriptors. Furthermore, the computational complexity of the proposed

descriptors is also very close to the state of the art feature descriptors.
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3 Volumetric Human Body Data

In this Chapter we introduce the steps for the realization of the database of actions.
Once the system developed in the ISPG laboratory is completely calibrated, three
synchronized sequences of RGB images and corresponding depth maps are available.
We extract the human silhouette from each image and we use it to segment the
corresponding depth map and to reproject depth-pixels into the scene. The 3D in-
formation coming from different depth maps taken from different viewpoints are then
merged, in order to obtain a complete description of the 3D actor body represented
as a voxel set.

We extract the human silhouettes on the color images in order to obtain a seg-
mentation actor-scene finer than the one achievable by imposing a threshold on the
corresponding depth map. Two connected pixels, one belonging to the subject and
the other one to the background, have very different depth values. A simple segmen-
tation could be performed setting that if two connected pixels show a difference in
depth levels greater than a predefined threshold, one will belong to the foreground
and the other will belong to the background. Two are the main drawbacks of this
kind of approach: (i) depth maps are usually very noisy and a segmentation based
on their boundaries will easily introduce reconstruction errors and artifacts; (ii) this
simple threshold based approach is not able to distinguish between the actor and the
floor, and the volumetric rendering will suffer from this miss-segmentation. Color
images are less noisy and the scenario developed in the ISPG laboratory allows to
obtain an extremely accurate segmentation of the actor silhouette.

The silhouette mask extracted on the RGB image is replicated on the correspond-
ing depth map. For the 3D reconstruction, the Visual Hull approach is used [62].
The Visual Hull is a finite region of the space that contains the object, it is a sort
of “pod”. The main advantage using depth maps is that the information achievable
allows to reconstruct a sampled version of the subject surface that is in front of the

device, also in its concave parts. If only the silhouettes extracted from the RGB
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Figure 3.1: Block diagram of the acquisition process from the synchronized video sequences of both color
images and depth maps, till the 3D reconstruction of the actor pose in each frame.

images are used, the volumetric description of the body will be obtained intersecting
the solid regions of space in which the object is constrained to lie by each silhou-
ette. These regions are cones (occlusion cones) obtained by back projecting from a
viewpoint (each camera optical center) the corresponding silhouette for perspective
projections. As the number of cones increases, the object is reconstructed with higher
precision, but only the Convex Hull is achievable. Using the information coming from
depth maps, the volumetric reconstruction is obtained intersecting no more cones,
but pseudo-cylinders having the sampled subject surface facing the device as one
base (see Fig. 3.4 as example). These concave surfaces represent a great advantage
in order to obtain a volumetric reconstruction that is closer to the real actor body.

Therefore, using Kinect devices allows to combine two advantages: the RGB im-
ages allow an accurate segmentation; and the depth maps allow to reconstruct the
human body also in its concave parts (using a Visual Hull approach). Moreover, ob-
taining a 3D body reconstruction before analyzing the object surface or classifying

the actions has two main advantages:
- Both viewpoint problems and body postures tracking are clearly separated.

- Volumetric reconstruction greatly reduces problems with viewpoint occlusions,

simplifying the object description for the recognition task.

This Chapter describes the acquisition process of the calibrated net of 3 Kinect
devices, from the synchronized video sequences of both color images and depth maps,
till the 3D reconstruction of the actor pose in each frame. The output is, for each

acquired sequence, a sequence of 3D reconstructed voxel sets representing the space
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occupancy of the actor body at each acquired time. This process, called Vozel
representation in Fig. 1.1, involves different steps, shown in Fig. 3.1 and listed

below:

- Video acquisition: a Kinect net composed by three calibrated devices acquires

the scene in which the actor is moving.

- Background subtraction: each RGB video acquired is segmented and the actor
is isolated respect to the background. The result is a binary mask (silhouette)

for each frame of each camera.

- Volumetric reconstruction: the extracted silhouettes are used in order to seg-
ment the corresponding depth maps and to compute the volumetric reconstruc-

tion merging different views.

We now analyze each element that composes the acquisition system.

This Chapter is organized as follows. Section 3.1 describes the color image seg-
mentation process in order to extract the actor silhouette from each acquired frame.
Section 3.2 introduces the procedure used to reproject the segmented depth map in
front of the device (IR-camera) and Section 3.3 explains the merging of the voxel
reconstructions using the extrinsic camera calibration matrices. In Section 3.4, the

database of gestures acquired is described more in details.

3.1 Image Segmentation

Image segmentation is the first process that has to be performed on the acquired
sequences. This type of technique is used in order to distinguish the actor silhouette
from the rest of the image (for each frame and for each color image acquired). The
controlled environment and the presence of a single actor in the scene allow to extract
the silhouette with an easy segmentation algorithm. The goal is to obtain a precise
actor silhouette, minimizing the possibility of false positives (pixels assigned to the
silhouette but do not belonging to the actor, mostly due to shadows projected on
the floor) and false negatives (hole in the silhouette due to reflexes or to clothes with
color similar to the background).

To perform segmentation is used the same algorithm developed in the ISPG lab-
oratory for the multi-camera system [95]. It is a variation of the Running Gaussian

Average algorithm [123] applied to the color space Hue-Saturation-Value (HVS) in
ol
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(d)

Figure 3.2: Example of (a) acquired image and its visualization in the (b) Hue, (c) Value, (d) Saturation
channels. This image is acquired with the set of 8 cameras originally used in the Smart Space [95] and on
which the proposed segmentation algorithm was tested at first.

order to take into account the blue color of the room. For each viewpoint, the back-
ground model is composed by a set of Gaussian probability density functions, one
for each pixel, learned with a sequence of 20 frames acquired with the empty room
(only the Hue channel is considered). In order to reduce the memory occupancy,
sampled mean and standard deviation of the Hue level of each pixel are computed
incrementally, requiring the storage of only two matrices having the same size of the

acquired frame:

I, — fh—
fn = fin + =L (3.1)
n
o2 = (n— 2)0721—1 + (In = pin—1)(In — ftn) (3.2)

n—1
where g, and o2 respectively indicate the mean value and the variance updated
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Figure 3.3: Block diagram of the segmentation process. The background model is used for an estimation of
the human silhouette in the Hue channel. A median filter, a morphological opening and the selection of the
maximum connected region are then used to refine the extracted silhouette.

till the frame n; n indicates the number of considered frames; and I, indicates the
Hue intensity value of the considered pixel in frame n. Only the Hue channel is
historically used because the blue color of the room makes this channel the most
informative for the segmentation (as demonstrated with an example in Fig. 3.2).
Using a controlled and stationary environment, the estimated background model
is kept fixed for the entire sequence. The segmentation is made by implementing
a binary test: a pixel is classified as belonging to the foreground if the difference
between its Hue value and the estimated mean is greater than the estimated variance
multiplied by a scale factor of 4.0 (this value has been heuristically found from our

sequences to minimize the aforementioned problems):
| I, — pin] > 4om,. (3.3)

This Gaussian model is able to produce a first good segmentation solving problems
due to shadows, but some noise and some spurious regions still remain in the result.

Three post refinements are applied:

- a median filter of 5x 5 pixels size is applied in order to remove “salt and pepper”

noise (preserving at the same time the mask boundaries);

- a morphological operator of opening is applied in order to fill remaining holes

in the extracted silhouette;
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(a)

Figure 3.4: (a) Segmented depth map. (b) 3D surface points reconstruction. (c) Volumetric rendering.

- the mazimum connected region is selected, using morphological operators, and

identified as the actor silhouette.

Fig. 3.3 represents the block diagram of the proposed algorithm together with an

example of the extracted mask after each step.

3.2 Projection Cylinders

The Visual Hull, concept for silhouette-based image understanding, was first intro-
duced by Laurentini in the 1994 [62|. Considering a generic 3D object S and the
set of the acquired views R, for each view r, the corresponding silhouette s, exists.
sy distinguishes, on the image plane, between points belonging or not to the object.
For each view the 3D visual cone vh, is then computed. vh, is the set of optical rays
that projects each point belonging to s, from the optical center t the 3D space. The
3D space intersection of all the possible cones, vhr = N.crvh,, is an approximation
of the object S. The Visual Hull is the intersection when the number of views goes
to infinity vheo. The Visual Hull is not exactly the object S because the algorithm
is not able to reconstruct the concave parts of the objects. Other techniques can
be used to solve this issue [76], [95], [121]. Using Kinect devices, we can apply the
Visual Hull algorithm on the segmented depth maps, obtaining a 3D reconstruction
of the object also in its concave parts, without implementing other processing.
Once the actor silhouette is extracted from each of the available frames, this mask
is converted on the IR camera image plane. This produces a better depth map
segmentation than the one achievable putting a threshold on the depth map pixels.

Moreover, the interference between two or more Kinect must be taken into account.
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3.2 Projection Cylinders

V(X,yz)

Figure 3.5: Voxel sampling of the scene.

The interference, due to the IR projected pattern, occurs as sporadic holes (group of
black pixels) on the depth maps. We are studying different algorithms for denoising
depth maps [82], but, in this particular implementation, a gaussian median filter is
applied on the masked depth maps in order to avoid both holes and spikes on the

estimated surface.

Having the segmented depth map (Fig. 3.4(a)) and all the IR-camera parameters,
we can reconstruct a sampled version of the object surface standing in front of the
device (Fig. 3.4(b)). Each pixel belonging to the silhouette on the depth map is then
projected in the 3D space, from the distance corresponding to its gray level till the
maximum extension of the considered space, on a line orthogonal to the IR camera
image plane (using Kinect we are working with elevation depth maps where the gray
tone corresponds to the distance from the image plane [102]). The obtained volume
is called projection cylinder (Fig. 3.4(c)) and it is obtained for each device at each

acquired frame.

The volumetric rendering is achieved working with vozels (volume elements), i.e.,
discretizing the three-dimensional space (in this case each voxel is a box of 2 c¢m side
as shown in Fig. 3.5). We impose 4 m as the maximum distance from the depth
camera reference plane. The projection cylinder is built for all the available views

by assuming a regular grid for each of them (canonical space for each view).
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3 Volumetric Human Body Data

3.3 Volumetric Reconstruction

Once the projection cylinders are computed for each of the 3 different views, they are
combined in order to reconstruct the 3D volume occupied by the human body. Since
the 3 Kinect net is calibrated, the position of each device respect to the others is
known. The extrinsic calibration parameters, once the voxel space centered on each
device is obtained, allow us to apply the roto-translation matrix that brings each view
to a common system reference. After this process, it is possible to merge the different
reconstructions by mean of an easy AND logical operator between voxels. Using the
AND operator may generate holes in the reconstructed voxel set. Experimentally,
we often avoid this kind of errors by applying a morphological closure (see Chapter 4
for its definition) on the volumetric reconstruction obtained from each device before
compute the intersection. Fig. 3.6 summarizes the process starting from the masked

depth maps:

each masked depth map is reprojected in the canonical space of the correspond-

ing IR camera, obtaining the projection cylinder for each view;

- a morphological closing is performed in order to avoid holes in the reconstructed

volume;
- each projection cylinder is roto-translated in the Kinect 1 reference system;

- the 3 transformed projection cylinders are merged with an AND logical oper-

ator, obtaining the 3D reconstruction of the subject volume into the scene.

The choice of first reconstructing the scene seen by each device and then merging all
the achieved volumes is due to constrain the system neither to the number of devices,
nor to their relative positions. As much as the number of devices increases, the object
is reconstructed with higher precision. Other approaches could be used: for example
the calibrated alignment of the three sampled surfaces. We prefer the Visual Hull
approach in order to directly obtain a volumetric reconstruction of the human body
and not a sampled version of its surface. Moreover, if parts of the actor are not seen by
any device, the proposed algorithm will produce an inaccuracy in the reconstructed
volume: that volume still remains a complete solid body. Aligning the depth maps,
instead, a miss-acquired portion becomes a hole in the estimated surface and this
is a great problem for both the action classification and the surface representation

applications. An artifact in the reconstructed voxel set reduces the performances

56



3.3 Volumetric Reconstruction

Acquisition

Kinect 1 Kinect 2 Kinect 3

| | '

Silhouette extraction on the depth map

Projection Cylinders on canonical space for each view

, '

T 1

Closure Closure Closure

v v v
| t13]

D“' el

il

Figure 3.6: Block diagram of the 3D volume reconstruction process. The masked depth map pixels are
projected in the canonical space of each device. After a roto-translation process, the projection cylinders
are then merged obtaining the 3D reconstruction of the subject volume into the scene.

but does not limit the applicability of the proposed algorithms. Moreover the action
classification system (proposed in Chapter 7) is robust to local reconstruction errors.
The resulting voxel sets always compactly represent all the available information

about the actor body.
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3 Volumetric Human Body Data

Figure 3.7: Actors in the default pose. Voxel sets at the beginning of the sequence Open-002 for the actors:
(a) Fede, (b) Gabbo, (c) Massi, (d) Teo and (e) Vale.

From the picture at the bottom of Fig. 3.6, it can be noted that, with these ad-hoc
three views, we obtain a voxel structure that well represents the human body for that
particular pose. This model is well suited for subsequent processing to extract one or
more descriptors of the object structure. The so called volumetric reconstruction of
the scene is computed before any other analysis procedure. As the number of views
increases, the object is reconstructed with higher precision. All these procedures,
performed without any a priori information about the shape of the object, produce
a raw 3-D representation of the volumetric data in terms of voxels. The amount of
information associated to a voxel-set is, in this case, only the one referred to the

position of the ON-voxels in space.

3.4 Database

Data consist of a series of ten actions performed by five actors in five different
repetitions, for a total of 250 distinct sequences (all the voxel sets are available
at |77]). All the sequences begin and end with the actor still, standing with arms at
his sides. Of the five actors, four are male (Fede, Gabbo, Massi and Teo) and one is
a female (Vale). The need to have different performers is to develop a dataset that
is able to validate our action classification system in terms of invariance under body
structure, gender and personal action execution. Fig. 3.7 shows the initial voxel set
of each actor in the sequence Open-002, in order to appreciate differences in size.

The ten actions are:

Crouch: the actor performs the movement to curl up on the ground, keeps the squat
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Grasp:

Kick:

March:

Move:

Open:

PointAt:

Pull:

Push:

Walk:

3.4 Database

position for a while and then performs the inverse movement, returning to a

standing position;

the actor mimics the action of picking an object from the ground with his right
hand;

the actor performs a wide kick with his right leg;

the actor mimics a typical military march, with large movements of legs and

arms;
the actor mimics a removal of an object with the right arm;

the actor, standing up, raises his arms outstretched till forming an angle of
90°, opens them till the level of his shoulders, and then downs them along his
body;

the actor indicates with a finger a point in the sky, using his right arm;

the actor folds his arms on his chest and then back into position, keeping them

close to his body;

the actor raises his arms close to his body, then away, as if he is making space
for himself in a confined space, and finally brings them back along the body

with an upward movement;

the actor begins to walk, makes two or three steps and then stops.

This database of actions is not thought for a particular application of motion

classification. We choose actions that involve both part (upper or bottom) or the

whole human body in order to verify the ability of the acquisition setup and system

to reconstruct different limbs of the human body in different postures and to check

if this impacts the classification system performances. Moreover we choose action

similar between each other, as Walk and March, Move and PointAt, Open and Push,

in order to analyze the discriminative power of the proposed algorithm. Examples

of volumetric reconstructions of some frames for each action class of our database,

are shown in Fig.s 3.8-3.17.
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3.4.1 Crouch

The actor performs the movement to curl up on the ground, keeps the squat position

for a while and then performs the inverse movement, returning to a standing position.

Figure 3.8: Crouch.
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3.4.2 Grasp

The actor mimics the action of picking an object from the ground with his right
hand.

Figure 3.9: Grasp.

61



3 Volumetric Human Body Data

3.4.3 Kick

The actor performs a wide kick with his right leg.

Figure 3.10: Kick.
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3.4.4 March

The actor mimics a typical military march, with large movements of legs and arms.

Figure 3.11: March.
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3.4.5 Move

The actor mimics a removal of an object with the right arm.

Figure 3.12: Move.
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3.4.6 Open

The actor, standing up, raises his arms outstretched till forming an angle of 90°,

opens them till the level of his shoulders, and then downs them along his body.

Figure 3.13: Open.

65



3 Volumetric Human Body Data

3.4.7 PointAt

The actor indicates with a finger a point in the sky, using his right arm.

Figure 3.14: PointAt.
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3.4.8 Pull

The actor folds his arms on his chest and then back into position, keeping them close
to his body.

Figure 3.15: Pull.
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3 Volumetric Human Body Data

3.4.9 Push

The actor raises his arms close to his body, then away, and finally brings them back

along the body with an upward movement.

Figure 3.16: Push.
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3.4 Database

3.4.10 Walk

The actor begins to walk, makes two or three steps and then stops.

Figure 3.17: Walk.
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4 3D Morphological Operators

This Chapter is devoted to introduce the 3D extensions of some of the most useful
and used morphological operators, originally proposed for 2D binary images. These
tools are developed in order to extract a compact and expressive representation of
three dimensional binary digital objects. Mathematical morphology is the collec-
tion of theories and techniques for analysis and processing of geometrical structures.
It was originally developed for binary images and was later extended to gray-scale
functions and images [38], [106]. Starting from the simple concepts of dilation and
erosion, more complicated morphology algorithms (usually representable as combi-
nations of the two basic operators) were developed during years to aid different kind
of solutions related to geometrical forms (filtering, pattern recognition, denoising,
object representation). The goal of this Chapter is to build a general framework
that extends the 2D morphological operators to 3D. This 3D extension is challeng-
ing for the thinning process, in which the definition of the 3D structuring elements is
not a direct extension of the 2D ones and, moreover, it is not easy to figure out the
result of the combination of different structuring elements. Inside the wide choice of
possible structuring elements and combinations of them, the main challenging task is
to select a set of structuring elements that produces the desired output (see Chapter
5 for a deeper analysis of the desired properties and a description of the proposed
algorithm).

This Chapter is organized as follows. In Section 4.1 we introduce a few concepts
from digital topology (please refer to [59] and [90] for a complete review on digital
topology). In Section 4.2 the basic morphological operators for 3D images are de-
scribed: erosion, dilation, opening, closing, and hit-or-miss transform. In Section
4.3 some of the most used morphological algorithms are described and extended for
3D objects: surface extraction, extraction of 26-connected components, morpholog-
ical skeleton extraction, and thinning. Inside this latter Section 4.3, only a general

introduction on the thinning process is presented. The proposed algorithm and the
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Figure 4.1: (a) The 6-neighbors of p represented by black triangles, (b) the 18-neighbors of p represented
by black squares, and (c) the 26-neighbors of p represented as black circles.

desired output are described in Chapter 5. In the following, we refer to 3D object
or 3D images as synonyms: a binary voxel representation of the volume occupied by

the foreground object.

4.1 Review on Digital Topology

Let us consider the discrete space Z3. Each point p in this space is called vozel
(from volume element) and it is defined by its three integer coordinates (pz, py,p-).
A voxel can be viewed as a cube, having 6 faces, 12 edges, and 8 corners.

Two voxels p and q € Z? are 6-adjacent if they have a common face; they are 18-
adjacent if they have a common face or edge and 26-adjacent if they have a common
face, edge or corner. The set of 6-adjacent voxels to a voxel p is also known as the
6-neighborhood of p denoted by Ng(p). Similarly, Nig(p) and Nog(p) are the 18 and
26-neighborhoods of p C Z? (represented in Fig. 4.1(a)-(c)). More formally, these

three neighborhoods are considered as:

Nays(p) = {p’ € Z* : max{|p, — v, Ipy — i, Ip- — pLI} < 1}, (4.1)

Nig(p) = {p’ € Z* : {|p» — Pl.| + Ipy — 1)) + [p- — LI} <2} N N26(p),  (4.2)

Ng(p) = {p’ € Z* : {lpx — pl.| + Ipy — 1)) + [p= — DI} < 1}. (4.3)

The 6-neighbors of p determine six major directions (Fig. 4.2): Up, Down, North,
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4.1 Review on Digital Topology
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Figure 4.2: The six major direction in the Z2 space: Up (U), Down (D), North (N), South (S), West (W),
East (E).

South, West, East; respectively denoted by U, D, N, S, W and E.

An n-path is a sequence of voxels pi, ..., pr With p; n-adjacent to p;y1, where n
could be 6, 18, or 26. An n-connected component is then a set of voxels such that

any two such voxels are connected by a n-path included in that component.

A 3D binary picture [59] is a mapping that assigns a value of 0 or 1 to each point
with integer coordinates in the 3D digital space denoted by Z3. Points having the
value of 1 are called black points and those with the value of 0 are called white points.
Black points form the object of a picture (foreground), while white points form the
background. It is assumed that any picture contains finitely many black points. More
formally a 3D binary digital picture is described by the quadruple P = (Z3,m, n, B),
where B C Z3 is the set of black voxels representing the object in the picture (also
known as object voxels), while Z3\ B represents the background (white) voxels. The
pair (m,n) specifies respectively the object and background connectivity. In order to
avoid topological paradoxes such as objects being both connected and disconnected
[59], different values must be chosen for m and n. Common choices are (26,6) and
(18,6). We consider (26,6)-pictures.

In 3D pictures a cavity is a background connected component surrounded by an
object component (an empty space inside the object). More formally a white com-

ponent C is called a cavity if all the voxels in its 6-envelope NS(C) are black [59].

There is an additional concept, called hole, in 3D pictures. A hole or tunnel is
formed from 0’s, but it is not a cavity. While a mathematical definition of a tunnel is
difficult [59], [98], [L09], we can turn to intuitive examples of tunnels in well-known

objects. The center hole of a donut or the empty space between the handle of a
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4 3D Morphological Operators

(a) (b)

Figure 4.3: (a) A cavity in a black component, and (b) a tunnel in a black component. White voxels are not
shown [128].

teapot and its main body are examples of tunnels. For a mathematical definition we
follow Xie et al. [128] that expand the definition introduced by Bertrand [9]. Let L be
a closed 26-path in a black component S. L' is another closed 26-path in N?5(L)NS.
We call the mapping from L to L' a transformation of L, if all the voxels in L’ are
26-adjacent to L and all the voxels in L are also 26-adjacent to L’. A black voxel
set S contains a tunnel or hole, if there exists a closed 26-path in S that cannot be
transformed into a single black voxel.

Fig. 4.3 illustrates cavity (a) and tunnel (b) typical configurations. Algorithms to

detect and characterize cavities and tunnels in a 3D object are described in [109].

4.2 Morphological Operators

4.2.1 Erosion

Figure 4.4: Morphological erosion using a structuring element E equal to a 3 X 3 x 3 block of voxels set as
1. (a) Original binary 3D object B. (b) Erosion of B by E.

When an erosion is performed, the center of the structuring element E is placed
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on each object voxel € B. If, for each voxel of the structuring element having value
equal to 1, the corresponding voxel of the image is a foreground voxel, then the
original voxel remains unchanged, otherwise it is set to 0. The erosion of B by E
can be understood as the locus of voxels reached by the center of E, when E moves
completely inside B. It is usually indicated as B © E. Its effect is illustrated in Fig.
4.4(b).

4.2.2 Dilation

Figure 4.5: Morphological dilation using a structuring element E equal to a 3 X 3 x 3 block of voxels set as
1. (a) Original binary 3D object B. (b) Dilation of B by E.

When a dilation is performed, the center of the structuring element E is placed
on each object voxel € B and all the image voxels corresponding to the foreground
voxels of the structuring element are set equal to 1. The dilation of B by E can be
understood as the locus of voxels covered by E, when the center of E moves inside
B. Tt is usually indicated as B @ E. Its effect is illustrated in Fig. 4.5(b).

4.2.3 Opening

The opening of B by E is obtained by the erosion of B by E followed by the dilation
of the resulted image by E. The structuring element moves inside the image: all
the foreground voxels, that can be covered by the structuring element so that it
is completely contained in the foreground region, remain unchanged, while all the
foreground voxels that could not be reached by the structuring element without
covering also background voxels are set to 0. The opening of B by E (Bo E =
(Bo E) @ E) is the locus of translations of the structuring element E inside the
image B. Its effect is illustrated in Fig. 4.6(b).
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4 3D Morphological Operators

Figure 4.6: Morphological opening using a structuring element E equal to a 3 X 3 x 3 block of voxels set as
1. (a) Original binary 3D object B. (b) Opening of B by E.

Figure 4.7: Morphological closing using a structuring element E equal to a 3 x 3 X 3 block of voxels set as
1. (a) Original binary 3D object B. (b) Closing of B by E.

4.2.4 Closing

The closing of B by E is obtained by the dilation of B by E followed by the erosion of
the resulted image by E. The structuring element moves around each object in the
image: for each background voxel, if the structuring element can touch it without
intersecting any foreground voxel, the original voxel remains unchanged, otherwise it
is set as foreground. The closing of Bby E (Be E' = (B® E) S E) is the complement
of the locus of the translations of the symmetric of the structuring element outside
the image B. It produces an output similar to dilation, but more close the the original
object. Its effect is illustrated in Fig. 4.7(b).

4.2.5 Hit-or-Miss Transform

The Hit-or-Miss (HoM) transform of B uses the morphological erosion and a pair of
disjoint structuring elements {E,F}. Formally two sets are disjoint if their intersec-

tion is the empty set. Considering structuring elements defined on a local neighbor-
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4.2 Morphological Operators

(a) (b) ©

Figure 4.8: (a) The structuring element E is a block of 3 x 3 x 3 black voxels in the center of W defined
as a space of 5 X 5 x 5 voxels. Top view of (b) the structuring element E and (c) its local background F.
Foreground voxels are represented in red.

()

Figure 4.9: Hit-or-Miss transform using a structuring element E equal to a 3 x 3 X 3 block of voxels set as 1
in the center of a local neighborhood W of 5 x 5 x 5 voxels. (a) Original binary 3D object B. (b) Erosion of
B by E. (¢) Erosion of B¢ by F = W — E. (d) Hit-or-Miss transform of B by E.

hood W (E C W C Z3), two structuring elements are disjoint if F = W —E. W — E

is called also local background.
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(a)

Figure 4.10: Simplified Hit-or-Miss transform using a structuring element E. (a) Structuring element E
represented as a lattice structure where each point represents a voxel and its value is “0” if the point is
white, “1” if the point is black, or “do not care” if the point is a cross. (b) Original binary 3D object B. (c)
Simplified Hit-or-Miss transform of B by E.

Let consider, for example, as local neighborhood W a space of 5x5 x5 voxels and as
structuring element E a block of 3 x 3 x 3 black voxels in the center of W. The disjoint
structuring element F is therefore a 5 x 5 X 5 set of black voxels with the central
3 x 3 x 3 voxels equal to 0. The structuring element E and its local neighborhood are
represented in Fig. 4.8(a) (the top views of E and F are represented in Fig. 4.8(b)
and (c) respectively).

The Hit-or-Miss transform of B by {E,F} is obtained by the difference between
the erosion of B by E and the erosion of B¢ by F (the local background). B¢ is the
complement of B (defined in Z3). It means that a point p in B belongs to the HoM
transform, if E translated in p fits in B and F translated in p fits the background of
B. The HoM transform of B by E (defined on W) is therefore:

B®E=(BoE)n(B®o (W - E)) (4.4)

and is the set of voxels in B which neighborhood exactly matches the structuring
element E. Fig. 4.9(d) shows the effect of the HoM transform considering the struc-

turing element shown in Fig. 4.8.

In many morphological algorithms the simplified version of the HoM (SHoM) trans-
form is implemented, where the structuring element has usually the values of “0”, “1”,
or “do not care”. The idea is still to find the exact match between the neighborhood
of p (voxel of B) and the structuring element E, with the possibility that the voxels
marked in E as ‘do not care” can match both with foreground or background voxels
of B. Practically the structuring element moves around each object in the image and
the two local neighborhood are tested: a value of “0” on E must match a background

voxel, a value of “1” on E must match an object voxel, while a value of “do not
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care” on E can match either a background or an object voxel. If this condition is
verified, the examined voxel on B remains unchanged, otherwise it becomes a back-
ground voxel. Fig. 4.10 shows the effect of the SHoM transform (c) considering the

structuring element shown in Fig. 4.10(a).

4.3 Morphological Algorithms

4.3.1 Surface Extraction

Figure 4.11: Surface Extraction. (a) Original binary 3D object O. (b) Surface.

There are different possible methods to extract the object surface having its volume
voxel occupancy. For some applications (see Chapters 6 and 7 for some examples)
we find that the best method is to operate a dilation of B by E and to define the

surface as the difference between the result and the original object:
B(B)=(B& E)— B. (4.5)

A 3D object B and its extracted surface are shown in Fig. 4.11.

4.3.2 Extraction of Connected Elements

This algorithm is useful, for example, for counting how many n-connected blocks
compose a 3D image and also for counting by how many voxels each block is made.
Starting from a foreground voxel belonging to B (po), the goal is to find all the

connected components to that voxel by following the iterative procedure:

pr=(Pr1®E)NB k=1,2,3,.. (4.6)
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4 3D Morphological Operators
The procedure terminates when piy = px—1 and produces the connected component

B;. Then the same iterative procedure starts again on another foreground voxel of

B — {Uélei} till no more foreground voxels remain.

4.3.3 Morphological Skeleton Extraction

BOKE (BOKE)oE S.(B) U, 53
k

. :

2 o

3 o .

Figure 4.12: Step by step representation of the morphological skeleton extraction algorithm from the original
object (top-left image) till its morphological skeleton (bottom-right image).

The morphological skeleton operator for the voxel set B can be expressed in terms
of sequence of morphological operations of erosion and opening [38]. Given the struc-
turing element E and indicating with ©k a sequence of k morphological erosions and
with o a morphological opening, the morphological skeleton (S(B)) can be expressed
as:

S(B) = UioSk(B) (4.7)
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where:

Sk(B) = (B kE) — (BS kE) o E). (4.8)

This procedure is iterated until B © K F is an empty set. This algorithm, as well as
its version in 2D, does not produce a connected skeleton even if the original object
is connected. Fig. 4.12 is a schematic representation of the morphological skeleton
extraction algorithm from the original object (top-left image) till its morphological

skeleton (bottom-right image).

4.3.4 Thinning

Thinning is a morphological operation that is used to remove selected foreground
voxels. This tool is useful for many Computer Vision applications because it provides
a local lower dimensional characterization of the solid. In this Section, we illustrate
how the thinning algorithm works in general, describing the algorithm proposed by
Palagyi and Kuba [93]. This is one of the most known and used algorithm for 3D
thinning of binary (26,6) pictures. Since the proposed thinning algorithm (described
in the next Chapter) is inspired to their method, it seems appropriate to first describe
the Palagyi and Kuba algorithm [93] in order to better appreciate the innovation

introduced by our changes.

—~
&
~

Figure 4.13: Thinning using a structuring element E. (a) Structuring element E represented as a lattice
structure where each point represents a voxel and its value is “0” if the point is white, “1” if the point is
black, or “do not care” if the point is a cross. (b) Original binary 3D object B. (c¢) Thinning of B by E.

A thinning algorithm is a reduction operator because it changes some 1’s (black or
object voxels) to 0’s (white or background voxels), but does not alter 0’s. The new
value of each object voxel depends on its neighborhood (only 3 x 3 x 3 neighborhoods
are considered in this thesis, but extensions to any dimensions of neighborhoods is
straightforward). The thinning of B by structuring element E, denoted by B ® E,
can be defined in terms of the Hit-or-Miss Transform [106]:

B E=B—-(B®FE)=BnN(B®E)", (4.9)
81
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Figure 4.14: Thinning using structuring element {E}. (a) Original binary 3D object B. (b)-(c) Thinning of
B by {E} from two different point of views.
where ® denotes the Simplified Hit-or-Miss transform. The SHoM transform pre-
serves voxels whose neighborhoods match the elements of E/. The structuring element
origin scans each voxel of B and, if there is a perfect overlap between the neighbor-
hood voxels with those of the structuring element, the voxel on which the structuring
element lays is set to 0 (background), otherwise it is left at 1. The use of the SHoM
transform allows to define structuring elements with values of “0”, “1”, or “do not
care”, as described in Section 4.2.5.

Actually equation (4.9) represents only one thinning cycle. The thinning process
is iterative: from the thinned image By = B ® F, the process is iterated until no

more black voxels can be deleted:

Begin
Y = B;
repeat
X=Y®E,
Y = X;
until no points are deleted;
end.

Fig. 4.13(c) shows the effect of thinning B (b) with the structuring element E (a).
Moreover the usual process is to thin B using a sequence of structuring elements
{E} = {FE',E? .., E"}. A thinning iteration is therefore computed as:

Be{E}=((..(B® E")® E?)..)® E™). (4.10)

We call a thinning cycle an iteration. Let P = (Z,26,6, B,W) be the finite 3D
picture to be thinned. We use P,, = (B, Wi,)(m = 0, ...,n) to denote the transient

82



4.3 Morphological Algorithms
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Figure 4.15: Example of structuring elements for thinning. Each structuring element E’ is represented as a
lattice structure where each point represents a voxel and its value is “0” if the point is white, “1” if the point
is black, or “do not care” if the point is a cross.

3D image produced after each iteration, where By,+1 = By, @ {E}, Bpnt1 C B,
By = B, Wpy1 D Wy, and Wy = W. The iteration operating on B,, is called
the m-th iteration. An iteration is called an (i, j) iteration, if it starts with image
(P, B;,W;) and ends with (P, B;, W;). Basing on the fact that no additional voxel
can be deleted from B,, we call B, the final or thinned set. Similarly, we call a
black voxel in B,, a final voxel [128]. Fig. 4.14(b)-(c) show the effect of thinning B
(a) with the structuring elements {E} (Fig. 4.15). Considering the effect of a single
structuring element, as shown in Fig. 4.13, we can conclude that these structuring
elements are designed to peel the object B in one of the 6 major direction each, as

shown in Fig. 4.16.

Palagyi and Kuba Thinning Algorithm [93]

Palagyi and Kuba propose a 6 sub-iteration 3D thinning algorithm [93]. Each thin-
ning cycle is divided in 6 sub-iterations where different sets of structuring elements
are used. The 6 sub-iterations are constructed according to the six deletion direc-
tions: Up, Down, North, South, West, and East. Considering the canonical space,
right handed oriented, we call U and D the extremes (negative and positive respec-

tively) of the y axis, W and E the extremes (negative and positive respectively) of
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Figure 4.16: Thinning using a structuring element E designed for peeling in a specific direction. (a) Thinning
of B by E. (b) Thinning of B by E2. (c) Thinning of B by E3. (d) Thinning of B by E*. (e) Thinning of
B by E5. (f) Thinning of B by ES.

the x axis, and S and N the extremes (negative and positive respectively) of the z

axis (as shown in Fig. 4.2).

Let {Ey} denote the set of structuring elements assigned to the deletion direction
U. The structuring elements assigned to the direction U give the conditions to delete
certain U-border points. A border voxel is an object voxel with a face-neighbor in
the background. Therefore, a U-border voxel has as above voxel a white voxel, a
D-border voxel has as below voxel a white voxel, and the same for other directions.
The six basic structuring elements (templates) E}] — Eg assigned to the direction U
are given in Fig. 4.17. They are described by four kinds of values: “1” means full,

w»

“0” means empty, “x” means “do not care” and “.” means that at least one point

marked “.” is black. The template themselves are not all the structuring elements.
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Figure 4.17: The six basic structuring elements Ellj —Eg assigned to the direction U of the thinning algorithm
proposed by Palagyi and Kuba [93]. Each structuring element E}] is represented as a lattice structure and it
is described by four kinds of values: “1” means full, “0” means empty, “x” means “do not care” and “.” means
that at least one point marked “.” is black.

Additionally, all the rotations of 90°, 180° and 270° around the U - D axis of the
basic structuring elements E,lj — Eg are structuring elements too, for a total of 21
structuring elements for each sub-iteration. Deletion conditions of the other five
subiterations assigned to the directions D, N, S, W, and E, can be derived from the
appropriate rotations and reflections of the structuring elements in {Ey}. In total
we obtain 21 - 6 = 126 structuring elements.

Defining Y the binary array representing the thinned voxel set resulting from each

sub-iteration, the 6-subiteration thinning algorithm can be summarized as follows:
X is the binary array representing the picture P;
Begin

Y =X;
repeat
Y = U-thinning{Y, {Ey}};
Y = W-thinning{Y, {Ew } };
Y = S-thinning{Y,{Fs}};
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Figure 4.18: Thinning using the Palagyi and Kuba algorithm [93]. (a) Original binary 3D object B. (b)
Thinning of B by {E}.

Y = D-thinning{Y, {Ep}};
Y = E-thinning{Y,{Eg}};
Y = N-thinning{Y, {Enx}};

until no points are deleted;
end.

U-thinning represents the thinning in the U direction, computed following Eq. (4.10)
with structuring elements {Fy}. This means that each sub-iteration is divided into

21 sequential steps. As example, the U —thinning{Y,{Ey}} is computed as follows:
U — thinning{Y,{Ey}} = ((...(Y @ E}) ® E¥)...) ® E¥), (4.11)

where each deleting condition is applied to the result of the previous hit-or miss
application.

This thinning algorithm examines a 3 x 3 x 3 neighborhood of each border voxel in
each subiteration. Only the border points having the prescribed 3 x 3 x 3 neighbor-
hood can be deleted during a subiteration. Each of the 6 sub-iterations is computed
sequentially. Fig. 4.18(b) shows the effect of the Paldgyi and Kuba thinning algo-
rithm [93].

From Fig. 4.19, it can be observed that the thinned set B,, is not the combination
of Bp; = {B ® {E};}n, where {E}; is the set of structuring elements obtained
considering all the possible rotated versions of the basic structuring element Ef] and
By, is the output of the thinning operator using the set of structuring elements { E'};.
For this reason, it is difficult to figure out the output of the thinning algorithm from

a given set of structuring elements { £} and moreover it is more difficult to select the
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Figure 4.19: Thinning using one type of structuring elements of the Palagyi and Kuba algorithm [93]. (a)
Thinning of B by {E}1. (b) Thinning of B by {E}2. (¢) Thinning of B by {E}3. (d) Thinning of B by
{E}4. (e) Thinning of B by {E}s. (f) Thinning of B by {E}s.

set of structuring elements to be used to achieve a desired thinned set. This is the
main challenging task developing a thinning algorithm.

In the next Chapter we describe the proposed thinning algorithm, verifying that
the output shows desirable properties and comparing it with the Palagyi and Kuba
thinning algorithm [93].
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5 Curve Skeleton

This Chapter is devoted to the definition of the curve skeleton and to the develop-
ment of a novel algorithm for extracting it. A curve skeleton is a one-voxel wide
representation of a 3D object. This tool is useful for many Computer Vision applica-
tions (such as virtual navigation, recognition, classification, surface approximation,
shape analysis and metamorphosis, and animation) because it provides a compact
and expressive characterization of the solid. Thinning is a frequently used method
for extracting skeletons in discrete spaces. There are many algorithms in the liter-
ature describing extracting methodologies for different applications [28], [108]. In
this Chapter we provide an overview of thinning advantages and we propose a new
3D thinning algorithm that directly extracts curve skeleton. The curve skeleton is
computed directly in one phase, without pre or post processing and without any
parameter setting. It is aimed to obtain a subset of the 3D object consisting only of
curves, centered within the object, and topologically equivalent to it. Our algorithm
provides good results, preserve topology, is easy to implement, and shows better
noise robustness respect to one of the most known method [93]. In the following
two Chapters 6, 7, we also give some examples of possible applications in which our
algorithm is implemented successfully.

This Chapter is organized as follows. Section 5.1 provides an overview of the
most used skeleton extraction methods, underlying their advantages and limitations.
Section 5.2 presents the most desirable features requested for a curve skeleton rep-
resentation. Section 5.3 describes the proposed thinning algorithm underlying our
innovative contribution respect to the Paldgyi and Kuba algorithm [93], one of the
most well known curve skeleton extraction thinning algorithm (introduced in Section
4.3.4). Section 5.4 shows in detail our skeleton properties and compares it with the

skeleton obtained using the Palagyi and Kuba algorithm [93].
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5 Curve Skeleton
5.1 Skeletonization

The process that consists in peeling iteratively a black object on a white background
while preserving its topological properties has given rise to intensive international
research activities for the last fifty years with hundreds of published papers [73]. The
importance of such an investigation is due to the interest in topological skeletons,
as a fundamental pre-processing step in pattern recognition and image analysis. Its
duration is due to the fact that no definitely satisfying solution has been found.
In recent years several innovative applications, that use skeleton representations,
(e.g., tracking, identification [64], and human computer interactions [122]|) have been
proposed in the literature, due also to the development of devices, such as IR-based
sensors, that permit a real-time acquisition of a 3D scene with different accuracies
and resolutions.

Skeletons are region based shape descriptors which summarize the general form
of an object/shape B [30]. A skeleton corresponds to the points locally symmetric
to a shape, in the sense of being a “tick” or “central” structure. More formally, the
skeleton is defined as the set of centers of all the maximal balls included in B. The
process of obtaining a skeleton is called skeletonization.

In 2D it is a set of curves, while in the 3D case the corresponding object is called
surface skeleton because it contains non only curves, but also surface patches [23]
(as shown in Fig. 5.1(c)). The surface skeleton consists of the union of surfaces and
curves, symmetrically placed within the object and characterized by the same object
topology. For this reason, we refer to the surface skeleton also as medial surface.
In many applications (e.g., animation and virtual navigation), however, a concise
representation of 3D objects, with curve arcs or straight lines, is desirable. This
line-like representation of a 3D object is called curve skeleton and it is a simplified
1D representation of the original 3D object, consisting only of curves [30], [4] (as
shown in Fig. 5.1(b)).

Both theoretical and applicative issues are present in the vast literature concerning
skeletonization 28], [L08]. A common approach to skeletonization is based on an it-
erated topology preserving removal. Thinning is not the only method for extracting
3D skeletons from objects. A commonly used classification scheme proposed in the
literature divides the skeletonization algorithms into the following classes [28]: topo-
logical thinning (grassfire propagation), distance transform-based (ridge detection),

geometric (Voronoi diagram-based) and general field function-based. However, many
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Figure 5.1: (a) Original object, (b) curve skeleton, and (c) surface skeleton obtained with the algorithm
proposed in [69].

of the surveyed methods that produce curve skeletons use pieces from several classes
listed above to obtain a curve skeleton. For example, there are thinning algorithms
that use the distance field information to determine the thinning order, or some

distance field methods which use thinning to prune the skeleton [23].

Thinning is an iterative object reduction technique for producing a reasonable
approximation of the skeleton in a topology preserving way [68|. During the 3D
thinning process, border points of a binary object, that satisfy certain topological
and geometric constraints, are deleted in an iterative procedure. Border detection
and removal are iterated and the process terminates when the object entirely consists
of border elements and these are all necessary to topology preservation or to account
for shape properties. There are several subclasses of thinning methods based on how
detachable points are detected and considered for removal. Sequential algorithms
can only delete one point in each iteration, while parallel algorithms delete all the

points satisfying a condition simultaneously.

Distance Field methods attempt to find candidate voxels, for the curve skele-
ton points, that are locally centered within the object. These voxels correspond to
the ridges of a distance field. Various distance functions can be used such as the
Euclidean distance or its approximations [14]. Most of the distance field-based al-
gorithms implement three different steps [25], [43], [110]: to find candidate voxels
(i.e. to find ridge points, local maxima, saddles), to prune down the set of candidate
voxels (that is usually a fairly large set) to a manageable size, and to reconnect the
remaining voxels (that are usually disconnected after the pruning step) in order to

produce a set of 1D curves.
Geometric methods are applied to objects represented by polygonal meshes or
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scattered point sets. A popular approach is to use the Voronoi diagram generated by
the vertices of the 3D polygonal representation or directly by a set of unorganized
points [2], [6], [86]. The internal edges and faces of the Voronoi diagram can be
used to extract an approximation of the surface skeleton of the shape. A curve
skeleton can be extracted from this medial surface approximation by pruning it to a
1D structure. Different algorithms based on this approach use different methods for
selecting the desired subset of the Voronoi diagram.

There are other geometric methods that produce a 1D skeleton directly. Reeb
graph-based shape descriptors are 1D structures encoding the topology and geometry
of the original shape. A Reeb graph is not a curve skeleton. It is not even defined
in the same space of the original object. However, an embedding of the Reeb graph
into 3D space can be attempted by mapping each edge into a sequence of 3D points
defined, for example, as the centers of the successive level-set contours associated
with the respective edge. This defines a curve skeleton for the original object [10],
[17], [127].

In General-Field Functions-based methods, the curve skeleton is extracted by
detecting the local extremes of the considered field and connecting them. A force
following algorithm can be used for connectivity [24]. Another possibility is the use
of an active contour to detect the final location of the curves connecting the extremes
in the field [71], [125]. Various types of fields can be used to extract curve skeletons:
generalized potential field functions [24], where the potential at a point interior to
the object is determined as a sum of potentials generated by the boundary of the
object, are included in this class.

The main disadvantage of the geometric methods is their sensitivity to noise. Fur-
thermore, these methods are more computationally intensive than the thinning/distance
field-based methods and produce a surface skeleton, not a curve skeleton. Never-
theless, reducing a surface skeleton to a curve skeleton is possible using the curve
thinning algorithms. The main advantage of general-field functions over the distance
field is that they can produce nice curves on medial sheets where the distance field is
constant. This is because they take into account larger boundary areas, not just the
distance to the closest point on the boundary. This also creates an averaging effect
that makes these algorithms less sensitive to boundary noise. However, they are
much more expensive to compute. Resolution of the voxel grid also affects the field
functions, which tend to be more sensitive to noise in thin regions of the object, be-

cause significant contributions towards the final field value at an interior point come
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from fewer boundary voxels. Another disadvantage of the general field functions
is their numerical instability, since the computations usually involve first or even
second order derivatives. The distance field-based methods can accurately extract
the surface skeleton; however, they cannot extract a curve skeleton from arbitrary
objects without employing additional techniques to prune the medial surface. The
main advantage of these methods is that the computation of the distance field is
very fast and it is usually needed by the application afterward. The thinning process
is usually very fast and does not depend on the resolution of the surface sampling.
Moreover it can produce directly the curve skeleton without implementing any prun-
ing post-processing and the skeleton is topology equivalent to the object without
implementing any linking algorithm. The main disadvantage is its sensitivity to

noise.

In spite of its simplicity, there is no rigorous definition of a curve skeleton. We
do not attempt to give a precise definition of the curve skeleton. Our goals are
to provide an analysis of different aspects of this structure and to propose a new
method to extract one-voxel wide skeleton that tries to satisfy most of the desirable
properties, first of all that preserves topological information. For the purpose of this
work, the curve skeleton is defined as a simplified 1D representation of a 3D object
without loosing relevant information. In the following, the topological curve skeleton
is referred simply as curve skeleton and the output of the thinning process as thinned

set.

5.2 Desirable Properties

In this Section, we describe a set of desirable curve skeleton properties, compiled
from analyzing the literature on the subject [23| and we discuss the aforementioned

curve skeletonization methods in terms of the properties presented.

For the following discussion, we use Sk(B) to denote the curve skeleton of a 3D
object B and we discuss about the following curve skeleton properties: homotopy,
connectivity, invariance under isometric transformations, reconstruction, thinness,

centeredness, robustness, and efficiency.
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5.2.1 Homotopy (topology preservation)

The curve skeleton should be topologically equivalent to the original object. Two
objects have the same topology if they have the same number of connected compo-
nents, tunnels, and cavities. The above formulation applied to an object By derived
from an object By: “object Bg preserves the topology of object B; is meaningful
only if an additional constraint is added: object By is obtained from Bj by only
removing object voxels (no adding)” [59]. Otherwise, object Ba could end up having
a completely new configuration, but still have the same topology. For example, by
adding object voxels to By, Be may grow limbs where B; do not have them, but still
have the same number of connected components, tunnels, and cavities. With this
observation, the above definition of topology preserving is meaningful in the context
of skeletonization, where the skeleton Sk(B) is a subset of the original object B. Of
course, we cannot have cavities in a 1D curve, so, in a strict sense, a curve skeleton
cannot preserve the topology of an object with cavities. Fortunately, the curve skele-
ton definition and extraction for objects with cavities are not issues that concern our
database of reconstructed poses.

Homotopy is ensured by the thinning methods because only voxels that do not
change the object topology (the simple points) are removed. Since distance field
and geometric methods do not produce a curve skeleton directly, topology preser-
vation depends on the subsequent pruning and connectivity steps. The Reeb graph
is an accurate representation of the object topology. Curve skeletons produced by
algorithms employing generalized fields could not correspond to the topology of the
original object. Due to numerical errors and to the resolution of the voxel grid, po-
tential field algorithms can create loops in the curve skeleton that do not correspond

to a tunnel or hole in the original object [22].

5.2.2 Connectivity

The output skeleton should have the same connectivity as the original object, which
means that any object in the input image cannot be split (or disconnected) or com-
pletely deleted; any cavity within the object cannot be merged with background or
another cavity; creation of new cavities should be avoided; the skeletons should not
contain any background element. This is a consequence of homotopy. If the curve
skeleton corresponds to a single connected object, then, by maintaining the topol-

ogy of this object, the curve skeleton would have to consist of a single connected
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component itself.

Connectivity is usually checked by all the algorithms. Some algorithms (e.g.,
thinning, level-set based geometric methods) explicitly maintain connectivity during
computation, while other methods check and enforce connectivity in a postprocessing

step.

5.2.3 Invariance under Isometric Transformations

Given an isometric transformation 7' (a transformation in which the distances be-
tween points are preserved), the curve skeleton of the transformed object T'(B), de-
noted by Sk(T'(B)), should be the same as the transformed curve skeleton of the orig-
inal object. Formally, the invariance criterion is given by: T(Sk(B)) = Sk(T(B)).
This property is important for matching applications where the curve skeleton is used
as a shape descriptor. In such applications, it is common to have similar objects in
different orientations, that nevertheless still need to be matched. For this reason,
the shape descriptor must be insensitive to object orientation.

Directional thinning methods are sensitive to the object orientation. The final
result (end points, number of branches, and their location) depends on the order in
which the different directions are processed. Distance field, Voronoi-based, and gen-
eral field methods do not depend on object orientation. Reeb graph-based methods
can be sensitive to object orientation depending on the function chosen to extract
the level sets.

In all the cases involving discrete representations of objects, the finite resolution
of the voxel grid produces small errors when objects are transformed. As a result,
even though curve skeletonization algorithms themselves are not sensitive to object
orientation, the input data itself is already adversely affected by the transformation.
Such small discretization errors show up on the boundary of the transformed object
and their effect on the resulting curve skeleton is similar to that of surface noise. A
relaxed criterion can be imposed: skeletonization and object rotation must commute,

at least for rotation angles multiple of 7/2 [73].

5.2.4 Reconstruction

Reconstruction refers to the ability to recover the original object from the curve
skeleton. Given the definition of the surface skeleton as the set of centers of maximal

inscribed balls, an obvious choice as reconstruction method is to compute the union of
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maximal inscribed balls centered at each curve skeleton point (ball growing approach)
[3]. The radius of each ball is given by the distance to the closest point on the
boundary of the object. If we denote the reconstruction operation by Rec(Sk(B)),
then accurate reconstruction means that Rec(Sk(B)) = B.

Regardless of the method used to compute it, a complete and accurate reconstruc-
tion of the original object is not possible from the information retained in a curve
skeleton alone when using the simple ball growing approach, since it is only a subset
of the surface skeleton. That is, in general, Rec(Sk(B)) # B. The difference volume
B — Rec(Sk(B)) will provide a quantifiable measure of the ability to reconstruct the
object. If the degree of reconstruction is very low, it will mean that the curve skele-
ton does not capture much of the original object, in terms of volumetric occupancy.
Reconstruction can be improved by storing more information in each curve skeleton
point. For instance, one could store the three radii of a maximal inscribed ellip-
soid and replace ball-growing with an ellipsoid-growing algorithm. Alternatively,
one could simply extract a curve skeleton with many more branches that should
reconstruct more of the original object using the classic ball-growing approach.

Reconstruction using the ball-growing approach [35] needs distance field informa-
tion in order to determine the radius of the ball that will be grown from each curve
skeleton point. In this respect, the distance field-based methods have an advantage

over the other methods, because this information is already available.

5.2.5 Thinness (1D)

Curve skeletons should be one-dimensional, that is, at most one voxel thick in all the
directions, except at joints where the curve skeleton might become thicker to ensure
connectivity between the different branches. We can distinguish three types of curve
skeleton points [12]: regular points on a 1D curve that have exactly two neighbors,
end-points of a curve that have exactly one neighbor, and junction points (where
curves meet) which can have three or more neighbors.

Thinning algorithms can either directly produce a curve skeleton or further thin
a surface skeleton to a 1D representation. Parallel thinning algorithms, which re-
move all the simple points at once, may not be able to achieve 1D skeletons due
to homotopy constraints. Directional thinning methods do not have this disadvan-
tage. Distance field methods and Voronoi-based geometric methods do not produce

a 1D skeleton directly. Both require significant postprocessing to reduce the can-
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didate voxels (distance field) or the medial surface (Voronoi-based methods) to a
curve skeleton. The Reeb graph-based methods directly produce 1D straight-line
skeleton segments, although the representation is no longer voxel-based. Thinness is
an implicit property of the general-field methods that use force-following or active

contours to generate 1D skeleton branches.

5.2.6 Centeredness

An important characteristic of a curve skeleton is its centeredness within the object.
To achieve perfect centeredness, it is required for the curve skeleton to lie on the
medial surface, since the medial surface is centered within the object. This means
that the skeleton must contain the centers of maximal balls. This criterion alone is
not enough and, in addition, we require the curves to be centered within the medial
surface patches they belong to [30].

Given the well known sensitivity of the medial surface to small perturbations on the
boundary of the object [5], constraining the curve skeleton to lie on the medial surface
may make it sensitive to such changes as well. Instead of exact centeredness, an
approximate centeredness is probably enough for many applications, such as virtual
navigation or animation. For example, in a virtual colonoscopy application, we still
want the navigation path to be close to the center of the object, but being one or
two voxels away from the exact center is not a big concern. Moreover, resolution
affects any centeredness measurement in the discrete domain.

Thinning and general field methods do not guarantee centeredness. In the case of
directional thinning, this would depend on the order in which the different directions
are applied. In the case of general field methods, since they are taking into account a
larger surface area than the two closest points, centeredness is usually compromised.
Methods using a distance field can better achieve centeredness because of the cen-
teredness information included in the distance field. Geometric methods, directly
computing points where the maximal inscribed spheres touch the surface [63], can
also achieve centeredness. They are dependent on the sampling density of the ob-
ject’s surface: a denser sampling produces a more centered curve skeleton [2], but the
running time increases. Centeredness of level-set based [56] curve skeletons is poor,
because centroids are directly connected with straight-line segments, regardless of

the configuration of the object between these points.
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5.2.7 Robustness

Medial surface is very sensitive to small changes in the boundary. A desirable prop-
erty of the curve skeleton is to exhibit weak sensitivity to noise on the boundary of
the object, that is, the curve skeleton of a noise-free object and the curve skeleton
of the same object with noise should be similar. A robust curve skeleton cannot
be perfectly centered. Exact centeredness would constrain the curve skeleton to the
medial surface, which is extremely sensitive to boundary perturbations.

Thinning, distance field, and Voronoi-based geometric methods are sensitive to
noise, generating unnecessary branches in the skeleton as a result. Several methods
have been proposed to filter the resulting skeletons [6], [25]. General field approaches
are less susceptible to noise because of the large amount of averaging included in the

underlying computation. These methods are more sensitive to resolution.

5.2.8 Efficiency

The skeletonization algorithm should be efficient: many applications need real-time
computations.

Thinning is practically a linear process in the number of object voxels. Most
of the voxels of the input object are removed when they are first processed (they
are simple points). The non-simple points are processed again at every subsequent
thinning step until the algorithm terminates. An exact complexity analysis of such
algorithms is difficult, since they are data dependent. The Euclidean distance field
of a 3D object can be computed in linear time using the algorithm of Saito and
Toriwaki [99]. The subsequent steps of filtering and reconnecting the curve skeleton
may, however, have a higher complexity (but, they usually operate on a greatly
reduced set of voxels). Computation of the Voronoi diagram of a set of n points
in 3D is O(n?) in the worst case, although, in practice, it is almost linear [2]. As
in the distance field case, additional processing is necessary to get a curve skeleton,
but the number of input elements is reduced. The computational complexity of the
level-set-based geometric methods depends on the kind of function computed over
the object. The following steps, detecting connected components in each level set
and computing their centroids, are linear in n. The complexity of the potential field
computation is O(n?) [24], where n is the number of object voxels. These methods
are computationally more intensive than distance field methods, because they take

into consideration larger boundary areas, not just the closest point.
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5.2.9 Discussion

Not all the properties described above are essential to all the types of applications.
Furthermore, it is well-known that these requirements cannot be satisfied simultane-
ously as some of them are contradictory. In particular, noise immunity and one-pixel
thickness are incompatible with centeredness. Also thinness and reconstruction are
conflicting. Even for objects whose medial surface actually contains only curves (like
tubular objects), a one-voxel thick curve skeleton may not contain all the necessary
maximal balls to accurately reconstruct the object. As a result, various algorithms
that extract curve skeletons usually satisfy only a subset of these properties, depend-

ing on the application.

For the distance field and the Voronoi diagram-based geometric methods, a curve
skeleton is more difficult to obtain directly. The first step of these methods generates
a structure closer to the medial surface, so additional processing is required to ob-
tain a 1D curve skeleton. The distance field-based algorithms can obtain an accurate
skeleton, with a large number of branches. The obtained skeleton reflects the essen-
tial structure of objects, and it is invariant under translation, rotation, and affine
transformations, but it cannot maintain the connectivity. Moreover the centroids of
the clusters are connected using straight lines, so the centeredness property is not al-
ways satisfied. In fact, some curve skeleton segments can go outside the object, even
if the centroids are well centered because of the centeredness information included in
the distance field. Also in the Reeb graph-based geometric algorithm some segments
are outside the object. This problem is difficult to fix regardless of the function
used to define the level sets. Reeb graph based methods can get accurate represen-
tation of the object topology. They are robust to surface noise, mesh sampling and
model pose variations. They can be sensitive to object orientation depending on the
function chosen to extract the level sets. They can explicitly maintain connectivity
during computation. The potential field methods yield the cleanest and smoothest
curve skeleton at the initial stage. This is due to the “global averaging” effect of the
potential field. However, for objects with thin, flat regions, the algorithm identifies
too many critical points, creating a large number of curve skeleton branches in that
area, very similar to a medial surface. This is because the algorithm is resolution
dependent and this is a disadvantage. The thinning algorithm performs well in all
the cases, but the resulting curve skeletons are not smooth since all the surface ir-

regularities propagate to the curve skeleton through the peeling process. This also
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makes it more sensitive to noise. Thinning methods can preserve the topology of
objects well, because only voxels that do not change the topology are removed, and
this is their most excellence property. Another advantage is that there are no param-
eters for the thinning implementation. Moreover, the 3D thinned curve skeleton of a
binary object is fast to compute and, in theory, no postprocessing steps are required.

For all these reasons, we focus on thinning algorithms theory and properties. Some
important notions and a new topology preserving 3D thinning algorithm to extract
one-voxel wide skeleton preserving topological information are illustrated in the fol-
lowing Section 5.3. After that, in Section 5.4, we show that our procedure is easy to
implement, fast, robust to the noise on the object boundary and allows to recover a
3D object that is close to the original object and that reflects the salient aspects of

the original shape (overcoming classical limits of thinning methods).

5.3 3D Thinning Algorithm to extract Curve Skeleton

5.3.1 Important Notions

We focus on the development of a 3D thinning algorithm to extract the curve skeleton
of a 3D binary object. Ideally, 3D skeleton is 1-voxel wide line representation that
both contains shape features and retains topological structure of the original object.
Thinning is an iterative layer by layer peeling technique that deletes, at each iteration
step, only object voxels that satisfy certain geometrically and topological constraints
(defined by the structuring elements).

The first and most important requirement, for a thinning algorithm, is to design
structuring elements that allow to preserve topology. A reduction operator does not

preserve topology [92] if:

any object in the input picture is split (into two or more parts) or it is com-
pletely deleted,

- any cavity in the input picture is merged with the background or another cavity,
- a cavity is created where there is no cavity in the input picture,

- any hole in the input picture is merged with the background or with another
hole,

- a hole is created where there is no hole in the input picture.
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In particular, the thinning algorithms rely on the concept of simple point. A simple
point, a concept introduced by Morgenthaler in 1981 [91], is an object point (voxel)
that can be removed without changing the object topology [59]. Most thinning
algorithms are designed and proven correct for a specific (6, 8, or 26) connectivity.
We use the following result for (26,6) pictures:

Theorem 1 [72], [92], [97]. Black point p is simple in picture (Z3,26,6, B) if and

only if all of the following conditions hold:

1. the set (B\{p}) N Nag(p) contains exactly one 26-component;

2. the set (Z3\B) N Ng(p) is not empty and it is 6-connected in the set (Z>\B) N
Nis(p).

Theorem 1 shows that the simplicity in (26,6) pictures is a local property; it can
be decided in the view of the 3 x 3 x 3 neighborhood of a given point. The local
characterization of simple points makes thinning algorithms much more efficient [65].
The support of a reduction operator, applied to a black point p, is the minimal set
of points whose values determine whether p is deleted by the operator [39]. Since we
focus on (26,6) images, the support of our thinning operator is 3 x 3 x 3. It means
that the local neighborhood of the implemented structuring elements is 3 x 3 x 3.

Identifying simple points is not enough for a thinning algorithm: removing all the
simple points from the object produces excessive shortening of the curve skeleton
branches. This is because all the end-points of curve skeleton curves are simple points
themselves (i.e., removing them will not change the topology of the object). Addi-
tional conditions are used to prevent removal of curve end-points in order to preserve
important geometrical information relative to the shape of the objects. For the 3D
case, we can define two different kinds of end points: curve-end points and surface-
end points. A thinning process which preserves curve-end points (resp. surface-end
points) is called a curve-thinning algorithm (resp. a surface-thinning algorithm).
The result obtained by a curve thinning algorithm (resp. a surface thinning algo-
rithm) is a topological curve skeleton (resp. a surface skeleton). Therefore, we focus

on the design of a 3D thinning algorithm that preserves only curve-end points.

5.3.2 Proposed 3D Thinning Algorithm

We implement a 6-subiteration 3D thinning algorithm. The 6 subiterations are
constructed according to the six major directions: Up, Down, North, South, West,

and East. Fach subiteration is based on a set of structuring elements based on
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a Boolean characterization of simple points which are not curve-end points. The
deletion conditions are defined on a 3 x 3 x 3 local neighborhood.

The idea is close to the method proposed by Palagyi and Kuba [93], described
in details in Section 4.3.4. This choice is motivated considering that most of the
existing 3D thinning algorithms are difficult to implement due either to complex
checking conditions or to lengthy matching templates involved [128|. On the other
hand, the Palagyi and Kuba algorithm still remains one of the most quoted and used
thinning algorithm to extract curve skeleton [23]. Moreover this is designed on the
six major directions that, taking into account the difficulty to figure out the output
given a set of structuring elements, can help to intuitively solve this challenging
task. However, as can be noted from Fig. 4.18(b), the thinned set obtained with
their method presents several secondary branches that are not desirable in a curve
skeleton.

The proposed thinning algorithm, instead, is designed to satisfy all the aforemen-
tioned eight requirements: connectivity and topological preservation in primis (this
is one of the reasons why we focalize on thinning algorithms), but also thinness,
robustness and centeredness, that are the main classical drawbacks of the curve
skeleton obtained with thinning, as the one obtainable with Paladgyi and Kuba is.
The reconstruction property is particularly important for the developed applications
and, even if it is briefly discussed in this Chapter, it is better described in Chapter
6.

Our main contribution, respect to the Palagyi and Kuba implementation, is the
definition of new and different structuring elements, in order to obtain a more desir-
able curve skeleton: more robust to noise on the boundary and with less peripheral
branches without applying any post-pruning (another strength of the proposed al-
gorithm respect to the state of the art of the extracting skeleton methodologies, not
only thinning).

We design four basic structuring elements E}] — E[4] for the direction U, shown in
Fig. 5.2. As for the structuring elements designed by Palagyi and Kuba [93], our
structuring elements are described by four kinds of values: “1” means full, “0” means
empty, “x” means “do not care” and “” in E' means that at least one point marked
“” is black. All the rotations of 90°, 180° and 270° around the U - D axis of the
base elements E% — E[4J are structuring elements too, for a total of 13 structuring
elements for each sub-iteration. Considering also the other five directions D, N, S,

W, and E, the set of structuring elements {E} is, in total, composed by 13 -6 = 78
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Figure 5.2: The four basic structuring elements E}J —E4U assigned to the direction U of the proposed thinning
algorithm. Each structuring element E}; is represented as a lattice structure and it is described by four kinds

of values: “1” means full, “0” means empty “x” means “do not care” and “.” means that at least one point

marked “.” is black.

Figure 5.3: Thinning using the proposed thinning algorithm. (a) Original binary 3D object B. (b) Thinning
of B by {E}.

elements.

The effect of the proposed thinning algorithm, on the object used in Chapter 4,
is shown in Fig. 5.3(b). It can be seen that the extracted curve skeleton presents
more less branches than that obtained with the Palagyi and Kuba algorithm (Fig.
4.18(b)). Fig. 5.4 summarizes also the effect of each single structuring element.
Even if the thinned set B, is not the combination of the partial thinned sets, the
contribution of each single structuring element { E'}; can be intuitively understood.

The main strength of the developed algorithm for curve skeleton extraction is the
ability to extract a compact representation of the object without imposing any a-
priori knowledge of the object topology, without requiring any parameter setting,
and without needing any postprocessing pruning or linking procedure. Examples of
thinned sets obtained applying the proposed algorithm, to some of the reconstructed

frames for each action class of our database, are shown in Fig.s 5.5-5.14.
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Figure 5.4: Thinning using one type of structuring elements of the proposed thinning algorithm. (a) Thinning
of B by {E}1. (b) Thinning of B by {E}2. (c) Thinning of B by {E}3. (d) Thinning of B by {E}4.

5.4 Results

We evaluate the performance of the proposed algorithm (in terms of the eight re-
quirements illustrated in the previous Section) comparing the results of our algorithm
respect to the curve skeleton obtained using the Palagyi and Kuba algorithm [93] for
our database of human 3D shape reconstructed from the multi-Kinect system imple-
mented in our laboratory. We choose the Paldgyi and Kuba algorithm because it is
one of the most quoted thinning algorithms for skeleton extraction [23]. Moreover
they design structuring elements for thinning iteratively in the six major directions.
Even if some variations are presented during years (12 subiterations for example [94]),
considering the difficulty to design structuring elements for a 3D thinning algorithm,
we prefer to peel the objects following the major directions. We focalize our atten-
tion on thinning algorithms because we look for a method to extract a compact and
topology preserving representation of the object in the scene without needing any a
priori information on the object to represent, any parameter setting, any sampling

requirement, or any pruning or linking post/pre-processing.
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Figure 5.5: Thinning using the proposed algorithm on six reconstructed frames from the action: Crouch.
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Figure 5.6: Thinning using the proposed algorithm on six reconstructed frames from the action: Grasp.
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Figure 5.7: Thinning using the proposed algorithm on six reconstructed frames from the action: Kick.
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Figure 5.8: Thinning using the proposed algorithm on six reconstructed frames from the action: March.
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Figure 5.9: Thinning using the proposed algorithm on six reconstructed frames from the action: Move.
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Figure 5.10: Thinning using the proposed algorithm on six reconstructed frames from the action: Open.
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Figure 5.11: Thinning using the proposed algorithm on six reconstructed frames from the action: PointAt.
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Figure 5.12: Thinning using the proposed algorithm on six reconstructed frames from the action: Pull.
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Figure 5.13: Thinning using the proposed algorithm on six reconstructed frames from the action: Push.
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Figure 5.14: Thinning using the proposed algorithm on six reconstructed frames from the action: Walk.

114



5.4 Results

Figure 5.15: (a) Original 3D objects. (b) Curve skeletons obtained using our algorithm. (c¢) Curve skeleton
obtained using Palagyi and Kuba algorithm [93].
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(a) )

Figure 5.16: Example that shows topology preservation. (a) Original object. (b) Curve skeleton.

We use this database of real data because our first purpose is to analyze the ex-
tracted curve skeletons in a real situation. The desired thinning algorithm must be
able to fast extract the body main posture for each pose, without being too sensi-
tive to noise or shape details. Topology and connectivity preservations are essential
constraints that can be easily achieved paying attention on the definition of the
structuring elements. Centeredness and thinness are soft constraints in our imple-
mentation: the thinned voxel set must be as geometrically centered as possible within
the object boundary, as thin as possible, and must look similar to the object shape.
The main reasons are related to computation load and to the ability to recover the
original object from the extracted skeleton. As it is described in details in Chapter 6,
the implemented method to represent the object surface from the extracted skeleton
requires that the thinned voxels are far from the surface itself. Finally the invariance
under rotation is related to the action classification implementation (see Chapter 7),
but it is useful in many applications: the characterization of the object must remain

constant when the object is moved.

Some examples of input objects (reconstructed body poses) are shown in Fig.
5.15(a), together with the corresponding curve skeletons extracted using our algo-
rithm (b) or the Paldgyi and Kuba algorithm (c). As it can be noticed, the original
3D reconstructed object boundaries are not always smooth and it can be considered
as noise on the boundary. It affects the result, but we focus on testing our algorithm

for real situations and not for regular geometric shapes.

It can be proved that if a point p (€ B) can be deleted by at least one structuring
element in {Ey}, then p will be simple. It must be proved only for the four basic

structuring elements since the simplicity is a rotation invariant property. Topology
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Figure 5.17: Original object of the examples proposed in Fig. 5.15 corrupted with additive Gaussian noise
with standard deviation equal to 0.2 (top row). Curve skeletons (bottom row).

preservation is satisfied by our curve skeleton, since removal is done sequentially
by using the notion of simple point and no pruning post-processing is done. Since
each single deleting criterion is applied alone, we need to demonstrate that each
structuring element preserves topology even when the central voxel is removed. For
E(2] - E(4J structuring elements, it is easy to demonstrate, because the remaining 2 or
3 black voxels are 26-connected and, moreover, at least one of those is 26-connected
with each of the “x” points. For E}] we can observe that the remaining black voxel is
26-connected with each of the “.” points. Since at least one point marked “.” is black,
the 26-connection is guarantee (and, as consequence, connectivity is preserved). A
visual demonstration of this property is shown in Fig. 5.16, where the tunnel created
by the wrong 3D reconstruction obtained from the multi-Kinect system is exactly
reported in the curve skeleton.

From the examples proposed in Fig. 5.15(b), we can see that our curve skeleton
is sufficiently thin even if it is not always 1-voxel thin (cross points are present in
correspondence of both joints and particularly noisy points). The reason is that our

algorithm, as the Palagyi’s method [93], is not able to delete all the simple points.
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5 Curve Skeleton

Figure 5.18: Original object of the examples proposed in Fig. 5.15 corrupted with additive Gaussian noise
with standard deviation equal to 0.6 (top row). Curve skeletons (bottom row).

Note that the “goodness” of a thinning algorithm is not directly proportional to the
number of the simple points that are recognized as points to be deleted [93]. As a
matter of fact, looking at the examples in Fig. 5.15, we can state that our method is
able to extract the main 3D object axis of symmetry, even if the extracted skeleton
is not completely 1-voxel thin. Moreover, from the examples proposed in Fig. 5.5,
it seems that, when the input voxel set is particularly noisy (the acquisition system
has problems to reconstruct the 3D space where the actor body is crouching, for
example), the extracted skeleton looses is thin property.

The thinning process may produce undesired branches due to noisy boundary.
In order to evaluate the robustness of the curve skeletons to small changes in the
surface, we add a Gaussian noise to the surface voxels and we compare the extracted
skeletons. We propose the results for two value of standard deviation 0.2 and 0.6. In
the first case 99.7% of the noised voxels are inside £0.6 respect to the center of the
original voxels, i.e., a voxel could be added to each of the original ones. In the second
case 99.7% of the noised voxels are inside 1.8 respect to the center of the original

voxels, i.e., two voxels could be added to each of the original ones. This appears as

118
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Figure 5.19: Object rotated around z axis of (a) 0°, (b) 30°, (c) 45°, (d) 90° (top row) and the extracted
curve skeletons (bottom row).

a great change of the original surface. This could also change the topology of the 3D
object (Fig. 5.17(c) and Fig. 5.18(a) and (c)), and, consequently, of the extracted
curve skeleton. Experimental results shown in Fig. 5.17 and Fig. 5.18 demonstrate
the behavior of our algorithm under additive Gaussian noise with standard deviation
equal to 0.2 and 0.6 respectively. In Fig. 5.17 it can be appreciated that the curve
skeletons are very similar to those of the noise-free voxel set, except for some small
branches due to the irregularities in the surface introduced by the noise. In Fig.
5.18 the amount of noise is very high and often changes the topology of the object
changing the curve skeleton in those parts as well. Omitting these parts, however, it
can be seen that more small branches appear, due to the merge of many noisy voxels
in a particular part of the object. Anyway these new branches are surprisingly few
and the extracted curve skeleton remains quite smooth also for very noisy objects.
From these experiments, we can conjecture that the compact crowd of thinned voxels
that appears in Fig. 5.5 is due to the presence of many secondary branches clustered
in particularly noisy regions.

Thinness is often in contrast with the invariance under isometric transformations
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and the ability to recover the original object. Involving discrete representations of
objects, the finite resolution of the voxel grid produces small errors when objects
are transformed. Leaving out these errors, Fig. 5.19 demonstrates (only for the last
example in Fig. 5.15, but we have verified the results for all the database) that
our method is robust under isometric transformations. In particular, we focalize our
attention on rotations around the vertical axes, the most important for an action
classification scenario. It can be appreciated that, even if the skeleton of the rotated
object Sk(T(B)) is not exactly the rotated original curve skeleton T(Sk(B)), they
are very similar and moreover they both capture the main parts of the original shape.

Thinning does not guarantee centeredness and, in the case of directional thinning,
this would depend on the order in which the different directions are applied. We
choose to follow the directions U, W, S, D, E, and N in order to be as isotropous
as possible. We cannot mathematically demonstrate that if the order of directions
changes, we will obtain the same curve skeleton, but experimentally this is what
happens. One possible way to quantify the centeredness of a curve skeleton is to
seed a number of uniformly distributed radial rays in a plane normal to the direction
of the curve skeleton at each one of its points, and to measure the distance to the
boundary along each of these rays. Centered points should have the same distance to
the boundary along each pair of opposite rays. In order to evaluate the centredness
of the extracted curve skeleton, we consider only its line points (a black point p is
a line point if there are exactly two black points m-adjacent to p ). We trace eight
uniformly distributed radial rays in a plane orthogonal to the direction of the curve
skeleton in that point and we compute the distance to the boundary along each of
these rays. We compute the mean difference of these distances and we obtain a value
of 1.0883 voxels that indicates that the extracted curve skeleton is well centered.

In order to increment the efficiency of the method, we apply the thinning procedure
at each iteration only on the border voxels: the deleting conditions are tested only on
object voxels with a face-neighbor in the background. We obtain the same result and
we reduce the computation time of 31% in mean. We compare the efficiency of our
algorithm respect to Palagyi and Kuba algorithm [93], considering the computation
time for the same voxel sets and the number of iterations needed to obtain the curve
skeleton. Table 5.1 summarizes the mean values in terms of number of thinned voxels
and iteration steps of the thinning process applied on each of the reconstructed frame
for the 25 (5 actors and 5 performances) sequences of each action in the database.

We are able to obtain curve skeletons with less voxels in less number of iterations
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Figure 5.20: Efficiency of our algorithm compared to Palagyi and Kuba algorithm [93] in terms of compu-
tation time respect to the number of voxels of the original object. The algorithms are run on a PC under
Windows 7 (64 bit), using a 1.60 + 1.60 GHz Intel Dual Core CPU. Note that just the thinning itself is
considered here; reading the input volume and writing the output image are not taken into account, but the
processing involved is not excessive.

(we achieve curve skeletons with 61% less voxels in mean: our skeletons have less
branches but do not loose important information). Fig. 5.20 shows the computation
time respect to the number of voxels composing the original object. It can be inferred
that, starting from the same voxel set, our algorithm is faster than Paldgyi and Kuba
algorithm [93]. Moreover, the computational time reduction highly increases as the

number of voxels increases.

Table 5.1: Efficiency of our algorithm compared to Palagyi and Kuba algorithm [93] in terms of voxels of
the extracted curve skeletons and number of iterations needed.

Action Voxels Our algorithm Palagyi et al.

Sk-voxels It. Sk-voxels It.
Crouch 6775 117 10 367 13
Grasp 7315 145 9 291 11
Kick 6873 118 13 365 15
March 6710 105 7 458 17
Move 7361 134 8 311 13
Open 7199 162 5 311 7
PointAt 6949 136 9 288 11
Pull 7300 137 9 300 10
Push 7110 179 9 362 11
Walk 7384 105 8 289 14
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Reconstruction

The examples in Fig. 5.15(b) show that the extracted curve skeletons have a number
of curves corresponding to the main parts perceived as composing the objects. To
give some less subjective evaluation, we compute the representative power of the
thinned voxel set in terms of reconstruction ability. The precise reconstruction of
the original object from its representation is a delicate and high challenging process.
For this reason the literature devoted to this goal is awfully wide and covers very
different techniques (the power crust of Amenta et al. [2] is just an example to which
we will refer in Chapter 6.

Since a high level of reconstruction accuracy is not required, neither for this eval-
uation nor for the developed applications, we implement a simple method that can
be considered a voxel approximation of the ball growing approach. Each thinned
voxel is substituted by a solid ball centered in the voxel and with radius equal to the

distance from the thinned voxel to the nearest point on the surface.

In order to compute the object surface, we use the algorithm proposed in Section
4.3.1: the surface is computed by a 3D morphological dilation with a 3 x 3 x 3
structuring element and then subtracting the original 3D object to the result. This
surface extraction method over-estimate the object space occupancy, as Fig. 5.21
(top row) shows. It is a very fast method and, moreover, it has the great advantage of
permitting the approximation of the real volume as union of spheres. Over-estimating
the space occupancy, there is not the possibility that a voxel on the surface is also
a thinned voxel: the two voxel sets have no voxel in common, neither the border

voxels.

In Fig. 5.21 we compare the voxel sets reconstructed starting from the curve
skeleton obtained with the proposed thinning algorithm (middle row) and the Palagyi
and Kuba thinning algorithm [93] (bottom row) for the examples proposed in Fig.
5.15. We can appreciate that the pose is fully understandable from our reconstructed
volumes, even if some unimportant details are lost. Looking at the bottom row, we
can say that many thinned voxels obtained with the Palagyi and Kuba algorithm
have distance close or equal to 1 to almost one of the surface voxels. This produces
a reconstructed volume with many superficial solid balls that do not add any finer
detail or any necessary information. These balls are due to the many secondaries

branches obtained in the voxel set.
In order to make a more general evaluation, we compute and compare the reduction
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Figure 5.21: (Top row) Surface extracted from the volumes shown in Fig. 5.15(a). (Middle row) Volumes
recovered from the curve skeletons extracted with the proposed algorithm (shown in Fig. 5.15(b)). (Bottom
row) Volumes recovered from the curve skeletons extracted with the Palagyi and Kuba algorithm [93] (shown
in Fig. 5.15 (c)).

and representative power of both the tested algorithms (Table 5.2). The reduction
power is defined as the percentage of voxels in the curve skeleton with respect to the
number of voxels in the original object. The representative power is the percentage
of reconstructed voxels (obtained applying the volume approximation as union of
voxel-balls centered on the extracted skeleton) respect to the number of voxels in the

original object. For a given radius, each solid ball is approximated considering all
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the voxels that are inside or touch the continuous surface. The implemented method
deliberately under-estimate the original volume, in order to obtain a reconstructed
volume that still maintains the object topology. The results are estimated for each
reconstructed frame and mediated on the class of the action they belong to. We
obtain a reduction power, in mean, of 1.8855%, while the reduction power achieved
with the Paldgyi and Kuba algorithm is only 4.7306%, less than our as it can be
intuitively deduced from the presence of the many secondary branches on the Paldgyi
and Kuba extracted curve skeleton. The representative power is 81.3251% in mean
for the proposed algorithm, compared with the 86.9024% of Palagyi and Kuba. The
secondary branches that produces the superficial balls, that can be seen in Fig.
5.21 (bottom row), are the main cause of this grater value but, as we have already
observed, it is not translated in a more detailed reconstruction.

In the next Chapter we illustrate in detail a surface reconstruction method that
takes inspiration from the proposed volume reconstruction algorithm, but it is de-

voted to a representation of the surface alone and not of the entire volume.

Table 5.2: Data reduction and representative power for our and the Palagyi and Kuba [93] thinning algo-
rithms.

Action Our algorithm Palagyi et al.

Reduction Reconstruction Reduction Reconstruction

Crouch 1.7269 79.3873 5.3875 88.3271
Grasp 1.9822 78.9077 3.9781 84.9225
Kick 1.7168 73.8251 5.3106 82.4924
March 1.5648 74.8080 6.8256 83.0415
Move 1.8204 79.9437 4.2250 85.2532
Open 2.2503 84.8467 4.3200 88.7396
PointAt 1.9571 84.0553 4.1445 93.1357
Pull 1.8767 85.1918 4.1095 85.7671
Push 2.5175 93.8115 5.0914 91.2940
Walk 1.4420 78.4736 3.9139 86.0510
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In this Chapter we describe two surface reconstruction methods that are used to
represent the human body, acquired with our system and represented as a voxel
set, as union of balls or as an implicit surface. The goal of a surface reconstruction
algorithm is to construct a digital model of a physical surface. The methods compute
a surface S’ that approximates an unknown physical surface S using a sampled set
X = {x1,...,X,} of points on it. Eventually, some additional information about the
sampling process or the geometry of the manifold S can be available as well.
Recent improvements in automated shape acquisition have stimulated a profusion
of surface reconstruction techniques for computer graphics and reverse engineering

applications. A typical surface acquisition application consists of the following steps:

- Data point acquisition: measurement of 3D coordinates for points on the sur-

face, producing range images as depth maps.

- Registering and integration: if multiple views are used, a registering process is
performed in order to find the transformations that put the data in a common
coordinate system, followed by the integration of all the data in a unified

representation.

- Surface fitting: construction of a concise and accurate approximation of the

physical surface.

In Chapter 2, the developed acquisition system is described. Chapter 3 is devoted to
the illustration of the proposed procedure for obtaining the 3D voxel set representing
the actor in the scene, while in Section 4.3.1 a morphological algorithm to extract
the voxel surface starting from the volumetric occupancy is proposed. The centers
of the voxels surface are the available sampled set X for the surface representation
methods described in this Chapter.
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Surface reconstruction methods can be roughly classified as Voronoi-based and
mesh-free. Voronoi-based reconstruction algorithms compute the Delaunay trian-
gulation of the sample points, the dual of the Voronoi diagram. A subcomplex,
interpolating the sampled surface, is then extracted from the Delaunay triangula-
tion [2], [18], [58]. In the mesh-free approaches, the surface is approximated or
interpolated using explicit methods (such as deformable models), parametric meth-
ods (such as B-Spline), or implicit methods (such as Radial Basis Functions (RBF),
Poisson (PDE) or Moving Least Squares (MLS)) [57], [115], [120]. Among the many
techniques developed for surface reconstruction, we can observe that even if the re-
sults are very accurate, these methods are time consuming, computationally heavy,
and, above all, based on data acquired in a very accurate manner, such as with a
laser scanner. The demand for domestic applications has led to the development
of hardware that quickly extracts advanced information of the scene, as Microsoft
Xbox Kinect sensor [52]|. In this case, however, the surface sampling accuracy is
not as high as required by the aforementioned techniques. Basing on all these con-
siderations, we decide to build a system for the reconstruction of the object surface
acquired with low cost accuracy DIBR devices. This representation is robust to noise
acquisition, fast and easy to implement, even if it is not as accurate as the state of
the art methods.

The proposed solutions for surface reconstruction (in this Chapter we use surface
representation and reconstruction as synonyms) take inspiration from two well known
algorithms: the surface representation as union of balls, proposed by Amenta and
Kolluri [3], and the surface representation as an iso-surface of a function defined as
linear combination of radial basis functions, proposed by Samozino et al. [100]. Both
methods require high surface sampling density. Therefore, in order to compare the
results of the proposed solutions for surface reconstruction with the two techniques
taken as inspiration, we develop a simulated environment. This simulation allows
to obtain a volumetric reconstruction with a space discretization finer than that
achievable with the multi-Kinect acquisition setup developed in the ISPG laboratory.

This Chapter is organized as follows: in Section 6.1, the method applied for build-
ing the depth maps database used to test the proposed surface reconstruction ap-
proaches is described. Section 6.2 talks about the surface representation as union of
Maximal Balls [3] and Section 6.3 is about the surface representation as an iso-surface
of a function defined as a linear combination of Radial Basis Functions (RBF) [100].

Section 6.4 revisits the described methods introducing new surface reconstruction
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methods that use the information achievable from the volumetric reconstruction of
the scene. Section 6.5 extends the proposed methods to the use of curve skeleton
voxels (extracted using the proposed thinning algorithm described in Chapter 5) for

the surface representation.

6.1 Simulated Acquisition Set-up

Taking into account the high surface sampling density required by the surface al-
gorithms presented in the literature, we cannot use our database of reconstructed
volumes in order to test the implemented methods. We simulate a similar acquisition
setup using LightWave 3D in order to achieve a 3D reconstruction of the object in
the scene with a sampling density sufficient for applying both the aforementioned
techniques for surface reconstruction. In this Section we describe the implemented
process for simulating a 3D acquisition set-up similar to our multi-Kinect system,
but able to obtain a finer sampling of the 3D space.

LightWave 3D is a high end computer graphics program developed by NewTek [44].
It is a software package used for rendering 3D images, both animated and static. It
includes a rendering engine that supports advanced features as realistic reflection
and refraction. The 3D modeling component supports both polygon modeling and
subdivision surfaces. The animation component has features such as reverse and

forward kinematics for character animation, particle systems and dynamics.

6.1.1 Building Synthetic Depth Maps using LightWave

The great potential of LightWave [7] is here exploited to build perspective depth
maps, where the gray tone of each pixel represents the distance of the corresponding
3D point to the optical center of the depth-camera taken as reference (the IR-camera
of an hypothetic Kinect device in our case). This result is achieved by imposing a
specific texture on the illuminated surface of the subject. In details, given any syn-
thetic object, as shown in Fig. 6.1(a), a perspective depth map that reflects the
configuration of Fig. 6.1(b) can be achieved by imposing as texture a gradient that
changes the gray tone of the object linearly as a function of the distance from the
IR~camera optical center. We use a model of a human hand in order to achieve the
sampling accuracy required by the surface reconstruction algorithms implemented.

The camera in Fig. 6.1(b) reflects the position of the IR-camera of the simulated
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(b)

Figure 6.1: (a) Synthetic Right Hand (20 mm grid) and (b) configuration for the depth map acquisition.

Kinect device. The gray tone I, (= 0, i.e., black) is associated to all the back-
ground pixels. They represent points at a distance greater than or equal to dpaz
from the IR-camera (corresponding to 435 mm for our example). The gray tone I 4y
(= 255, i.e., white) is associated to all the pixels representing points at a distance
less than or equal to dpin (corresponding to 375 mm for our case). All the pixels
that represent points with distance between dy,;, and dpq; have a gray tone that
is linearly decreasing, while the distance of the corresponding point to the optical
center of the device is increasing. Thanks to the linear gradient and imposing no
light except the ambient light, we can achieve any depth map simulating a generic
viewpoint, as the one shown in Fig. 6.2(a), which reflects the acquisition conditions
of Fig. 6.1(b). Using Light Wave, we are able to simulate perspective depth maps for

any acquisition set up and with any resolution needed.

6.1.2 Canonical Volumetric Reconstruction

Having the depth map and all the IR-camera parameters, we can reconstruct a
sampled version of the object surface standing in front of the simulated Kinect device
(as shown in Fig. 6.2(b)). Knowing the depth map and the linear gradient equation,
the distance of any 3D point which corresponds to any pixel in the image can be

estimated as:

Amin — d
d= M(I - Ima:c) + dmin- (61)

Imaz - Imin
Assuming that the system is calibrated, both the intrinsic and extrinsic parameters
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Figure 6.2: (a) Depth map achieved using LightWave and (b) 3D surface points reconstruction.

are known. Moreover, knowing the distance of each point from the IR-camera optical

center, the 3D coordinates (p.,py, pz) of the point are easily evaluated:

_ f
b= d\/(u—u0)2 + (v —v0)2 + f2 02
pe = pz%, (6.3)
Py =psm }vo’ (6.4)

where (u,v) are the point coordinates on the image plane, (ug,vg) are the principal

point coordinates, and f is the focal length.

Before doing the 3D reconstruction, the image is pre-processed in order to separate
the background from the foreground and to remove any outlier (pixels with gray tone
greatly different from those in the neighborhood). Moreover, using LightWave, we
obtain perspective depth maps, that are then transformed in elevation depth maps
in order to simulate a system that is as close as possible to our real system. In
an elevation depth map the gray tone of each pixel represents the distance of the
corresponding 3D point to the IR camera image plane, while in a perspective depth
map the gray tone of each pixel represents the distance of the corresponding 3D
point to the IR camera optical center. Knowing the 3D coordinates of each point

on the acquired surface, it is straightforward to compute the gray tone of each pixel
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Figure 6.3: (a) Elevation depth map and (b) volumetric rendering obtained from the depth map.

in function of the distance from the image plane, as shown in Fig. 6.3(a): each 3D
estimated surface point is projected again on the image plane with a gray tone level
(der) equal to:

de = p: — . (6.5)

A bicubic interpolation is then applied in order to minimize artifacts due to quan-
tization. Having this new calibrated depth map, we are able to compute the 3D
coordinates of each pixel and to project each surface sample till the the maximum
extension of the considered space (the projection cylinder shown in Fig. 6.3(b)). The
volumetric rendering is achieved working with voxels (in this case using box of 2 mm

side).

6.1.3 Volumetric Integration

As for our real acquisition system, we implement a multi-view acquisition setup to
obtain a complete description of the 3D object. Therefore, it is necessary to merge the
3D information coming from different depth maps taken from different viewpoints.
As in the real case, we first reconstruct the scene seen by each device and then merge
the volumetric rendering achieved from any view. This volumetric reconstruction is
performed for all the available views by assuming a regular grid for each of them
(canonical space for each view). Once the voxel space centered on each device is

obtained, applying the roto-translation matrix that brings each view to the reference
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Figure 6.4: (a) Voxel surface and (b) sampled surface of the volumetric rendering obtained from the depth
map.

view, it is possible to intersect the different projection cylinders applying a logical
AND between voxels, as shown in details in Chapter 3. The result is a unique voxel
set that gradually incorporates information coming from all the devices. In Table 6.1
the depth maps achieved with three other configurations, in which the devices are
turned by H = +45°, H = —45° and H = 180° respectively (using the LightWave
definition for angles), the volumetric rendering obtained with each of them, and the
voxel set obtained by increasing the number of views are shown. The resulting voxel
set compactly represents all the available information about the object surface and
its volume occupancy.

The object surface is computed using the morphological algorithm described in
Section 4.3.1. In Fig. 6.4 the voxel surface (a) and their centers (b) are represented.
The sampled set X is therefore composed by the 56168 centers of the voxels obtained
with the surface extraction algorithm. The achieved sampling accuracy is sufficient

for the considered surface reconstruction algorithms.

6.2 Surface Representation as Union of Maximal Balls

In this Section we describe the idea behind the surface representation as union of
balls, following the method proposed by Amenta and Kolluri [3]. Starting from
a dense point cloud of sample points, presumed to be on or close to the object
boundary, first the Voronoi diagram of the scattered data points is computed and
then the medial axis is approximated by a subset of Voronoi vertices, called poles. The
medial axis (MA) and the medial axis transform (MAT), introduced by Blum [11],

are fundamental concepts for surface reconstruction and they deserve to be explained
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Table 6.1: Volumetric Reconstruction using LightWave. Depth maps obtained with LightWave by rotating
the acquisition system of H degrees. Volumetric reconstruction obtained from a single depth map. Volumetric
reconstruction obtained downstream the merging.

Angle (H) Depth Map Projection Cylinder Volumetric Reconstruction

45°

—45°

180°

in detail.

6.2.1 Medial Axis and Medial Axis Transform

In 2D, the medial axis of a shape is a set of curves defined as the locus of points
that have at least two closest points on the boundary of the shape [66]. In the 3D
case, the corresponding object is called the medial surface because, in addition to
curves, it can also contain surface patches [23]. Considering a 3D object B C R3
and its boundary §(B), the medial surface (MA from medial axis in the 2D case) of
B is defined as the locus of centers of all the maximal balls of B which touch § in,

at least, two points. A ball of radius r centered at x € B is defined as:

Sr(x) ={y € R*,d(x,y) <}, (6.6)
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where d(x,y) is the Euclidean distance between two points x and y in R3. A ball
Sr(x) C B is maximal if it is not completely included in any other ball included
in B [59]. The medial azis transform MAT is defined as the function that assigns
to each medial axis point the radius value of its medial ball. It is shown that the
object B could be extracted from M AT(B) as the union of all the medial balls [3].
The boundary of B can be calculated as the boundary of the union of all the medial
balls (inverse MAT). MA has another great advantage: an object and its inner MA
have the same topological structure and can continuously deform to each other.
Exact computation of both the MA and the MAT is extremely difficult in a three-

dimensional space and, most importantly, it is extremely slow [2], [31], [33].

6.2.2 Medial Axis Approximation by a Set of Poles

The internal edges and faces of the Voronoi diagram of the scattered data is an
approximation of the medial surface of the shape [3]. Each Voronoi vertex is the
center of a circum-sphere of the Delaunay triangulation and the connection of all
the centers of the circum-spheres produces the Voronoi diagram. Considering all the
Voronoi vertexes produces many balls with centers close to the surface, corresponding
to flat “sliver” tetrahedra in the Delaunay triangulation of X [3]. These balls may
be (and almost always are) present even when the data are completely noise-free, at
any finite sampling density. Their centers must be removed with a heuristic clean-up
step. Different algorithms based on this approach use different methods for selecting
the desired subset of the Voronoi diagram. In particular, after the computation
of the Voronoi diagram of the scattered data points, Amenta et al. retrieve the
poles |2]. The poles of a sampled surface point are the farthest vertex of its Voronoi
cell in the interior of 5 and the farthest vertex of its Voronoi cell on the exterior of
B. Connecting these interior poles P; forms a good approximation to the MA and
the union of the inner polar balls forms a good approximation of the object surface.
Given a “good sample” from a smooth surface, they demonstrate that the output is
guaranteed to be topologically correct and convergent to the original surface as the
sampling density increases. The required sampling density varies locally, rigorously
capturing the intuitive notion that featureless area can be reconstructed from fewer
samples. Under the assumption that X is a sufficiently dense sample from 3, they

prove that:

- The boundary of the union of the set B; of Voronoi balls centered at points Py
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6 Surface Representation

Figure 6.5: (a) Surface representation as Union of balls [3]. (b) Selected poles.

is close to B boundary.
- Its isosurface normals are close to nearby normals on .

- It is homeomorphic to B. This implies a topological relationship between the

true medial axis of the object and the medial axis of the union of balls.

- The set of balls centers in their construction converges to the true medial axis

as the sampling density increases.

We implement the Amenta et al. algorithm [3] on the synthetic object shown in
Fig. 6.1(a) and the result is shown in Fig. 6.5(a). Starting from the sampled 56168
points on the surface, we compute the Voronoi diagram and we select 8338 poles
(Fig. 6.5(b)).

6.3 Surface Representation as Implicit Surface

In this Section we describe the idea behind the surface representation as an iso-
surface of a function defined as a linear combination of Radial Basis Functions (RBF),
algorithm proposed by Samozino et al. [100].

Generally, implicit reconstruction methods attempt to find a smooth function
f: R® = R such that {xi,...,x,} is close to the zero set Z(f). Among the mesh-

free approaches, Samozino et al. algorithm grabs our attention because it approx-
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6.3 Surface Representation as Implicit Surface

imates the surface as a zero level set of a function defined as a linear combination
of compactly supported radial basis functions, each one associated with a polar ball

computed using Amenta et al. approach [3].

The approximation problem is formulated as follows. Given {p;}i=1.. ~n a set of
N points (called constraints) and N scalar numbers F' = {f; };=1_. n, find a function

f : R3 — R satisfying the approximation condition:

" =argminsE(f), (6.7)

where E is the least square error:
E(f) = _(fi = f(p)*. (6.8)

In the RBF approach, the function f is defined from a class of basis functions

D, R3 x R? = R, as a linear combination:
m
fl) =Y a;®;(x,c)), (6.9)
j=1

where {cj}j:L,_,,m denotes a set of m center points and {ozj}j:L_,,7m denotes a set of
unknown weights to be solved for.

The reconstruction problem boils down to determine the vector a = [, ..., ],

by computing the best least square approximation of the function f with respect to
the constraints {p;} (Eq. (6.8)). The minimization of E (Eq. (6.8)) implies solving

the linear system of equations [100]:
GheGraea = Gpf, (6.10)

where Gpg is a N x m matrix defined as: Gpo = [®(ps,Cj)li=1,...N,j=1,..,m and
f is a N-elements vector defined as f = [f1,..., fn]7. The size of the matrix to be

inverted is m x m, where m is the number of centers.

The set of points P, where the function value is specified a priori (called con-
straints), includes the surface points where the function f should vanish by defini-
tion, i.e., where all the f; should be zero. To avoid the trivial solution o = 0, during

the minimization of E in Eq. (6.8), several interior constraints are added where the
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function f does not vanish. For each additional constraint point pg, we assign to f a
signed value f. This value is the approximated signed distance between py and the
sampled surface. The N constraints {p;}, with {i = 1,..., N} are, therefore, com-
posed by the n input points and by the m additional off-surface constraints, where
the function f is specified.

In particular, in the Samozino et al. algorithm [100], the additional m constraints
are called centers and they are a subset of the poles computed using the Amenta
and Kolluri approach [3]. The algorithm of Samozino et al. [100] proceeds as follows:
given a 3D point set scattered on a surface, first its Delaunay triangulation and the
dual Voronoi diagram are computed. Then the authors repeatedly refine a subset of
the Voronoi vertices. In the first stage, poles are extracted from the Voronoi vertices
and they are classified as inside or outside (following the Amenta et al. approach [3]).
In the second stage, a user-defined number of m centers is selected, among the set
of poles. The selection is performed by filtering and then clustering the set of poles.
Poles are filtered in order to adjust the level of detail to the budget of centers and
they are clustered in order to achieve a center distribution nicely spread on the medial
axis.

The set of N constraints P imposes the function f to be zero at the n surface
points {p; }i=1,...n:

fi=fpi)=0, i=1,..,n, (6.11)

and to be equal to the signed distance between the point and the sampled surface at
the m centers {c;}i=1,.. m. Therefore N = n+m. The distance is positive for points
inside the shape and negative for points outside the shape. Since each center c; is an
inside pole, it has as corresponding scalar value (f;) the radius of its corresponding
circum-sphere of the Delaunay triangulation (r;).

The reconstructed surface is required to be independent from Euclidean transfor-

mations. The function @ is thus restricted to the set of radial functions:
®(x,¢;) = o(|[x — <)), (6.12)

where ||.|| denotes the Euclidean distance and ¢ : R™ — R. In order to obtain a
sparse matrix G, making the computational load tractable also for a great amount of
sampled surface points, compactly supported RBF are introduced by Wendland [119].
Other compactly supported RBFs (CSRBF) can be used for reconstruction [103],

[126]. The support size s; for the function ¢; centered on ¢; is computed using r;.
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6.3 Surface Representation as Implicit Surface

BASIS FUNCTION
T T T

Figure 6.6: Wendland’s Radial Basis Function [119].

The ¢ function, defined in Eq. (6.12), centered on c¢;, is scaled according to the local

support s;:

silx —eil) = o( =) = g (6.13)

(2

The basis function chosen in our implementation is (see Fig. 6.6):
o(r) = (1 —r)L(1 +4r), (6.14)

where the symbol + means:

() =z if x%() (6.15)
() =0 otherwise
Therefore the N x m matrix G is defined as:
p1([lpr —cill) - dmlllP1 —cml)
o1(llpy —call) - om(lPy — emll)

The use of compactly supported functions f; leads to a sparse matrix with about

90% zero elements. Each term e; j of the matrix GTG is computed as a sum:

N
eij =Y dilllpr — cil)8;(llpe — c;l)). (6.17)

k=1

Therefore, for each constraint p, we need to find the list [, of centers which contains

p in their support. For each pair of centers (c;, c;) contained in the list {,, we add a
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Figure 6.7: Surface representation as iso-surface of a function defined as a linear combination of Radial Basis
Functions (RBF) [100].

term for p in the computation of e; ;.

We implement the algorithm in Matlab and, for the purposed example (n=56168
surface points and m=8338 centers), the computation of G takes about 3 minutes,
avoiding any efficient research but making it exhaustively. The obtained matrix is
sparse: only 6% of its entries are different from zero. The zero level of the obtained
function f(x), computed from Eq. (6.7), is presented in Fig. 6.7 and the computation
time needed for 100 x 100 x 100 points is 0.8 seconds, greatly less than the time
needed to represent the balls in Fig. 6.5 (several minutes) because only the iso-

surface f(x) = 0 is represented and no more all the maximal balls.

6.4 Implemented Algorithms for Surface Representation

Thinking on applications that do not require high level of accuracy or details in the
reconstructed surface (think on an avatar representation and not on a reconstruction
of a digital model for a mechanical artifact for example), we revisit the two described
algorithms to approximate the object surface.

The Voronoi-based methods do not work well if the surface resolution is low,
as in the 3D reconstructed poses with the developed multi-Kinect system. If the

surface sampling is too sparse, the Voronoi cells are neither narrow, nor orthogonally
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Figure 6.8: (a) Medial surface approximation with the morphological skeleton. (b) Medial surface approxi-
mation with the morphological skeleton except the voxels € Sy (B).

oriented respect to the surface [2]. Therefore, the poles selection is useless and the
reconstruction fails. Considering this limitation, we still focus on the medial surface
concept, but we look for a morphological approximation of it (instead of that based
on the Voronoi diagram).

We approximate successfully the medial surface (MA) implementing the morpho-
logical skeletonization algorithm described in Section 4.3.3. The obtained morpho-
logical skeleton (shown in Fig. 6.8(a) for the reconstructed object at the right-bottom
of Table 6.1) does not preserve the topology of the original object, as well as it is
not maintained approximating the MA as a set of poles of the Voronoi diagram. The
main important property is that the reconstructed surface maintains the original
object connectivity and this is true both for the proposed and the Voronoi-based
methods. Moreover the proposed MA approximation is applicable independently
from the sampling accuracy of the available volumetric data, while Voronoi based
MAT approximation methods work well only for a required sampling density [2].
Another great advantage of our method is its low computational load that makes it
greatly faster than any Voronoi based method. The computation of the 4043 mor-
phological skeleton voxels extracted with the proposed algorithm takes less than a
second, greatly less than the hour taken for extracting the poles from the computed
Voronoi diagram implementing the Amenta et al. approach |3]. Both algorithms run
on a PC under Windows 7 (64 bit), using a 1.60 + 1.60 GHz Intel Dual Core CPU.

6.4.1 Union of Maximal Balls

Starting from our very fast MA approximation as the morphological skeleton, it is

possible to represent the object surface as a union of balls (Maximal Balls). Each
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Figure 6.9: Surface approximation as Union of balls associated to the morphological skeleton (neglecting the
voxels of So(B)). (a) Representation in the cartesian coordinates and (b) its projection in the xy plane.

of the Si(B) voxels can be considered as the center of a ball, with a radius that
depends on the step at which it is generated. Since we use as structuring element a
3 x 3 x 3 voxels block with origin at its center, to each skeleton-voxel corresponds a
sphere with center located in the center of the voxel itself and with radius r equal
to:

r=(k— %)step, (6.18)

where k indicates the step of the iterative algorithm in which the skeleton voxel is
generated, and “step” is the 3D space sampling interval size expressed in millimeters.
Fig. 6.9 shows the balls associated to the skeleton of Fig. 6.8(b) and it can be ob-
served that the obtained surface is homotopic with the original object. In particular,
we avoid the Sp(B) morphological skeleton voxels because they are voxels belonging
to the surface of B and do not produce any sphere. Therefore the medial surface
approximation is M A = S(B) — So(B) and it is shown in Fig. 6.8(b).

Each of these balls can be also easily interpreted in statistical terms as a Gaussian
probability distribution, with mean (1) equal to the center of the sphere and standard
deviation (o) for each direction equal to one third of the ball radius. As for a Gaussian
distribution, the 99.7% of possible values are inside the interval u 4 30, the union of
the spheres can be seen as the union of the iso-surfaces at 0.997 probability of each
Gaussian distribution.

Comparing the results obtained with the Amenta et al. [3] and the proposed rep-
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resentation as union of balls (Fig. 6.5(a) and Fig. 6.9(b)) we can observe that both
representations are quite noisy: many balls with small radius and near to the surface
are present, even if we work with noise free object in this case. More refinement in
the poles choice must be done in order to obtain a more smooth and appreciable
result, incrementing the computational time and the number of machine operations.
Some refinement procedures can be implemented. A simple method to reduce the
number of balls representing the object surface is to perform a k-means clustering
over the set of all the possible centers. After the convergence of the clustering proce-
dure, the centroid of each cluster is replaced by the closest voxel within its cluster. It

guarantees that the final centers are located on the original morphological skeleton

(or Voronoi diagram).

a0
H v x[rmm] yimml

(a) (b)

Figure 6.10: (a) Morphological skeleton filtered imposing that each block has at least 20 element 26-connected
and (b) the 3074 (76% of the original) corresponding balls.

Other approaches seem more interesting in our case. In order to filter the resulting
balls, we can compute the number of 26-connected voxels that form a morphological
skeleton block (using the morphological algorithm described in Section 4.3.2) and cut
the block with less elements than a threshold. Fig. 6.10 shows the result imposing
that each block must contain at least 20 voxels that are 26-connected.

Moreover, this representation allows a hierarchical interpretation: setting the min-
imum acceptable radius, we can range from the most massive elements of the object
representation till a more detailed description, as summarized in Fig. 6.11. In this
case we have 4043 spheres with minimum radius equal to 3 mm and maximum ra-
dius equal to 17 mm, that is likely equal to the thickness of the hand palm. Fig.
6.11 shows that by increasing the minimum acceptable radius, first the fingertips

are missed and then only the palm remains. Considering all the spheres with ra-
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Figure 6.11: Balls filtered according to the minimum allowable radius.
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Figure 6.12: Balls filtered according to the minimum allowable number of intersecting balls.

dius greater than 5 mm, 3633 spheres remain, with radius greater than 7 mm, 2301
spheres remain, and, with radius greater than 9 mm, only 1673 spheres are left.

Another interesting way to study the hierarchy of the object parts is to consider
the number of balls that intersect each skeleton ball: Fig. 6.12 represents the results
setting the minimum number of intersecting spheres allowed. The spheres with more
than 50 intersecting spheres are 2825, with more than 100 intersecting spheres are
2208 and with more than 250 spheres are 1455.

In order to obtain a MA that maintains the topology of the original object, a
postprocessing procedure can be applied: first the number of 26-connected elements
of the skeleton can be estimated and, eventually, filtrated; then they can be linked to
each other following the path indicated by the linked spheres. We do not implement
this algorithm because we have already obtained a surface that is homotopic with
the object surface. Moreover, in Section 6.5, we illustrate the surface representation

using the curve skeleton, that is homotopic with the original object.

6.4.2 Implicit Surface

Starting from the proposed approximation of the medial surface using the morpho-
logical skeleton (M A = S(B) — So(B)), also the Samozino et al. algorithm [100] can

be reviewed and it is possible to represent the object surface as the zero level of a
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Figure 6.13: Surface representation as zero level of a function defined as linear combination of Wendland’s
Radial Basis Functions associated to the morphological skeleton (neglecting the voxels of So(B)). (a) Rep-
resentation in the cartesian coordinates and (b) its projection in the xy plane.

function defined as linear combination of radial basis functions.

Data points are the centers of surface voxels and the m centers are the centers
of the morphological skeleton voxels (neglecting the voxels resulting from the first
iteration). Therefore the N constraints are the n = 56168 surface points plus the
m = 4043 voxels on the approximated medial surface. We impose the function f
to be zero at the surface points and to be equal to the radius of the corresponding
maximal ball (7;) at the morphological skeleton voxels.

We implement the algorithm in Matlab and, for our example, the computation
of G takes 31 s, avoiding any efficient research but making it exhaustively, and the
obtained matrix is greatly sparse: only 1% of its entries are different from zero. The
zero level of the obtained function f(z), computed from Eq. (6.7) is represented in
Fig. 6.13 and the computation time needed for 100 x 100 x 100 points is 1 minute,
greatly less than the time needed to represent all the balls as in Fig. 6.9(b) (more
than 5 minutes). In comparison to the algorithm proposed by Samozino et al. [100],
fewer centers are used. This leads to a faster computation of the weights and a
faster evaluation of the functions. The effects of some noisy balls can be seen on the
tip of the thumb, for example. These balls can be removed by applying one of the
previously proposed filtering methods.

The main difference with the Samozino et al. method is that they compute the

Delaunay triangulation and the dual Voronoi diagram of the given 3D surface points.
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Figure 6.14: Surface representation as an isosurface of a function defined as linear combination of Radial
Basis Functions with Gaussian support and standard deviation equal to (a) 0.05; (b) 0.02.

Then they repeatedly refine a subset of the Voronoi vertices. In our algorithm we
apply the 3D morphological skeleton extraction algorithm and, eventually, we filter
the extracted voxels.

The choice of the basis function influences the surface representation. We imple-

ment also a Gaussian RBF: )

o(r) = e:vp{T;}. (6.19)
Considering small variances, the Gaussian RBF can be well approximated as having
limited support. Fig. 6.14 represents the surface extracted using as RBF the function
in Eq. (6.19) with o = 55 = 0.05 (a) and ¢ = 55 = 0.02 (b). It can be seen that
reducing the variance brings to a thinned surface representation because the Gaussian

support is reduced as well.

6.4.3 Discussion

In this Section we develop a technique, based on morphological operators, to approx-
imate the Medial Axis Transform in terms of surface representations as the union
of Maximal Balls (Fig.6.15(c)). This method can be applied independently from
the sampling accuracy of the available volumetric data, while Voronoi based MAT
approximation methods work well only for a required sampling density [2]. This
important feature suggests its use with the 3D pose reconstructed in our database of
actions obtained with the multi-Kinect system implemented in the ISPG laboratory.
We obtain a really fast and reliable method to represent human body surface for
each frame. Another great advantage of our method is its low computational load

that makes it greatly faster than any Voronoi based method. Moreover, applying an
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Figure 6.15: Example of actor surface representation as (c) union of balls and as (d) zero level of a function
defined as linear combination of Wendland’s Radial Basis Functions. Balls or RBF are associated to the (b)
morphological skeleton (neglecting the voxels of So(B), m= 1835 voxels). (a) Representation of the voxel
surface (n=9822 voxels).

easy postprocessing (filtering considering the number of 26-connected elements for
each block, or the radius, or the number of intersecting spheres, or a combination
of the previous), we are able to reduce significatively the number of balls used to
represent the object and to extract its most important components (in term of the
metric used). This approach allows us also to obtain a surface representation as an
iso-surface of a three-dimensional function (Fig. 6.15(d)). The matrix G, for the
example proposed in Fig. 6.15, has only 1.49% of non null elements. We believe
that this light computational and fast algorithm is attractive for the development of

domestic and user friendly applications.

In the following Section we illustrate some results obtained applying these two
algorithms using the curve skeleton voxels instead of the morphological skeleton

voxels.
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Figure 6.16: Block diagram of the implemented surface reconstruction procedure. The example shows
resulting steps using the curve skeleton voxels.

6.5 Surface Reconstruction from Curve Skeleton

In this Section we show some results obtained applying the surface reconstruction al-
gorithms, described in previous Sections, on the curve skeleton voxels. Curve skeleton
provides an intrinsic structural shape description, which is useful for further appli-
cations dealing with shape understanding (like shape recognition or retrieval). Its
advantage, respect to the medial shape approximation by means of the morphologi-
cal skeleton, is its topological equivalence with the original object. Its disadvantage
is that it approximates the curve skeleton and not the medial surface. Therefore
flat parts of the original object cannot be well reconstructed from the information

extracted from the curve skeleton.

The idea is to extract the object surface with the morphological surface extraction
(described in Section 4.3.1), compute the curve skeleton with the proposed thinning
algorithm (described in Section 5.3) and consider the centers of the skeleton voxels
as the m centers of the maximal balls or of the RBFs in the implicit surface ap-
proach. The only information, that must be recovered before applying the surface
reconstruction methods, is the sphere radius or the signed distance to the surface
(r;). In order to associate a radius to each medial ball, it is necessary to estimate

the distance between each skeleton voxel and its nearest voxel on the surface. The
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Figure 6.17: Two examples of surfaces reconstructed as union of balls from curve skeletons extracted using
(a) our algorithm and (b) Palagyi et al. algorithm [93].

block diagram of the implemented procedure is represented in Fig. 6.16.

Fig. 6.17 shows the reconstructed surface as the union of Maximal Balls obtained
starting from our curve skeleton (a) compared to the reconstructed surface obtained
from the Palagyi et al. [93] curve skeleton (b), for the reconstructed hand shown
in Table 6.1 (top row), and for the reconstructed pose shown in Fig. 4.11 (bottom
row). It can be noted, above all from the example of the hand, that the Palagyi
et al. algorithm [93|, even if designed to extract the curve skeleton, having many
secondary branches, looks more like an approximation of the medial surface (see Fig.
6.18). Moreover it can be noted, above all from the example of the human body,
that many skeleton voxels, obtained with Paldgyi et al. method, are really close to
the surface and the reconstructed model is too thin in some parts (the skeleton is
not centered in many branches as can be seen in the man arms in Fig. 6.17(b)).

Using our 3D thinning algorithm, the size of the object reconstructed is not as
thick as that of the input (Fig. 6.17(a)), but shape information is mostly retained

by the skeleton, since all the regions perceived as significant in the input can still
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Figure 6.18: Two examples of curve skeletons extracted using (a) our algorithm and (b) Palagyi et al.
algorithm [93].
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Figure 6.19: Skeleton balls filtered according to the minimum allowable number of intersecting balls.
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Figure 6.20: Examples of surface representation as an iso-surface of a function defined, using the curve
skeleton voxels, as a linear combination of Wendland’s Radial Basis Function.

be found in the reconstructed object. Using the proposed thinning algorithm, we
can appreciate the smoothness of the curve skeleton (and consequently the recon-
struction) obtained. Moreover we can apply the same filtering process illustrated in
Section 6.4, considering the minimum allowable radius or the number of intersecting
spheres, as shown in Fig. 6.19. We can range from the most massive elements till a
more detailed description of the object representation, obtaining a hierarchical inter-
pretation of the object. However, this filtering could loose the topology preserving
feature because it cuts some skeleton voxels that are not simple. Lastly, the surface
reconstructed as an iso-surface of a function defined as linear combination of Radial
Basis Functions is shown in Fig. 6.20, using Wendland’s Radial Basis Function. In
particular, for the example representing a pose, considering the n = 9822 surface
points and the m = 252 curve skeleton centers, the computation of the matrix G
takes less than a second (only the 0.073% of its elements are different from zero),

while the representation as iso-surface takes less than a minute.
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7 Human Action Classification

This Chapter deals with the definition of a framework for interpreting, modeling and
classifying sequences of body movements into a pre-defined vocabulary of actions.
Even if in the literature there is not a clear distinction between action and gesture,
we usually define a gesture an elementary action, “raise the right leg” or “bend the
left arm” for example, regarding only one or two body parts, and an action a more
complex movement regarding the whole body or at least its upper or lower part and
composed by several gestures. Moreover we indicate as posture (or pose) a static
body position, assumed by the actor in a single frame. In particular our vocabulary
of actions can be considered as composed by both actions and gestures and we refer
to them equally as actions or gestures.

Human motor activity and its interpretation are intensively studied by psycholo-
gists. The interpretation of a gesture and the analysis of its associated characteristics,
such as the location, the dynamic path, the symbolic meaning and its emotional qual-
ity [51] are essential for those applications concerned with the recognition of what a
gesturing man is doing and how. Action recognition is an important and challeng-
ing topic in Computer Vision, with many fundamental applications including video
surveillance, video indexing and social sciences.

According to Neumann et al. [89] and from a computational perspective, ac-
tions are best defined as four-dimensional patterns in space and in time. How-
ever, many current works in gesture or action interpretation remain rooted in view-
dependent representations. Video recordings of actions can similarly be defined as
three-dimensional patterns in image-space and in time, resulting from the perspec-
tive projection of the world into the image plane at each time instant. Recognizing
actions from a single video is however plagued with the unavoidable fact that parts
of the action are hidden from the camera because of self-occlusions. That the human
brain is able to recognize actions from a single viewpoint should not hide the fact

that actions are firmly four-dimensional, and, furthermore, that the mental models
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Figure 7.1: Block diagram of the classification procedure from the 3D volumetric reconstruction of the actor
pose in each frame.

of actions supporting recognition may also be four-dimensional.

The main assumptions we consider in our framework, taking the Efros et al. ta-
ble as a reference [84], are: the subject remains inside the workspace during the
whole capturing process; only one subject is present in the workspace at a time;
gestures can possibly involve the whole body; no occlusion occurs in the acquired
scene except self occlusions; the Kinect intrinsic and extrinsic parameters are known
and fixed (calibrated set); and the workspace shows a constant lighting and a static
background.

In this Chapter, we investigate how to build spatio-temporal models of human
actions that can support categorization and recognition of simple action classes,
independently from viewpoint, actor gender and body sizes. We use our multi-Kinect
acquisition system and 3D reconstructed human body occupancy. We split action
recognition in three separate tasks, as summarized in Fig. 7.1. The first task is the
representation of the four-dimensional patterns reconstructed from each sequence,
the second task is the extraction of motion descriptors, and the third task is the
classification of the descriptors into action classes.

The idea of a multi-view acquisition system for human body tracking can be found
in early works, where apparent contours extracted from three orthogonal views are
separately used to fit 2D deformable models, that are then applied to constrain
a 3D body model [55]. Performing a volumetric reconstruction of the scene prior
to the feature extraction and classification stages is in contrast with solutions that

extract motion descriptors directly from multi-viewpoint sequences. Such descriptors
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are not invariant to viewpoint, which can be partially solved by multiplying the
number of action classes by the number of possible viewpoints [13], relative motion
directions [32], and point correspondences [131]. This leads to a poorer categorization
and to an increased complexity.

Using the volumetric reconstruction, problems such as viewpoint dependence and
motion ambiguities are inherently solved. A voxel-based volumetric reconstruction
of the human body from multi-viewpoint silhouettes extracted from the acquired
videos is used for the purpose of fitting a human body ellipsoid model [114]. Even if
a gesture can be defined as a time series of body joint configurations (postures), the
pose estimation is not strictly necessary in order to classify actions. In this research,
we follow the idea proposed by Weinland et al. [117|. They investigate the alterna-
tive possibility of building free-viewpoint class models from view-invariant motion
descriptors. The key to their approach is the assumption that we need only to con-
sider variations in viewpoints around the central vertical axis of the human body.
Within this assumption, they propose a representation based on Fourier analysis of
Motion History Volumes (MHV) in cylindrical coordinates. Our innovative contri-
bution is to build MHV not on the original 3D volume, but on the reconstructed
volume obtained after a filtering process realized with 3D morphological operators.
In particular, we compute the MHV on the reconstructed volumes after the curve
skeleton extraction process. This procedure has the advantage of underlying the
human limbs that effectively are the central parts of the movement.

The Chapter is organized as follows. First, we recall Weinland et al. [117] definition
of Motion History Volume as a three dimensional extension of Motion History Images
proposed by Bobick and Davis [13] (Section 7.1). In Section 7.2 we present efficient
descriptors for matching and aligning MHVs. Section 7.3 describes the classification
procedure. Section 7.4 summarizes the proposed action classification method and
discusses the obtained results testing our database of human actions. We compare
the proposed method with the Weinland et al. classification method [117].

7.1 Action Representation

In this Section, we first recall 2D motion templates as introduced by Davis and
Bobick [13] to describe temporal actions. We then propose their generalization to
3D, as defined by Weinland et al. [117], in order to remove the viewpoint dependence

using calibrated devices.
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(a) (b) () (d)

Figure 7.2: Motion versus occupancy [13]. Using motion only, in image (a) and (c), we can roughly gather
that someone is lifting one arm. Using the whole silhouette instead, in (b) and (d), makes it clear that the
right arm is lifted. However the same movement executed by a woman, in (c), compares favorably with the
man’s action in (a), whereas the whole bodies comparisons between (b) and (d) is less evident.

7.1.1 Motion History Images

Motion Energy Images (MEI) and Motion History Images (MHI) [13] are introduced
to capture motion information in images. They encode, respectively, where motion
occurred and the history of motion occurrences in the image. Pixel values are there-
fore binary values (MEI) encoding motion occurrence at a pixel, or multiple-values
(MHI) encoding how recently motion occurred at a pixel. More formally, consider
the binary-valued function D(z,y,t), where D = 1 indicates that, at time t and
location (x,y), the pixel belongs to the body silhouette, then the MHI function is
defined by:

. , (7.1)
max{0, h-(z,y,t —1) — 1} otherwise

hT($ay7t) =

where 7 is the maximum duration stored for a motion. The associated MEI can
easily be computed by thresholding h > 0. The above motion templates are based
on occupancy because D(x,y,t) is the silhouette occupancy function. Bobick and
Davis also suggest to compute templates based on motion [13], i.e. with D(z,y,1)
a motion indicating function. They argue that including the complete body makes
templates more robust to incidental motions that occur during an action. Occupancy
provides robust cues for recognition, even if occupancy encodes not only motion but
also shapes which may add difficulties when comparing movements, as illustrated in
Fig. 7.2.
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Figure 7.3: Motion History Volumes examples: (a) Open, (b) Kick, (c¢) March. Color values: red = current;
...; blue = maximum duration encode voxels occupied at the beginning of the action.

7.1.2 Motion History Volumes

The choice of a 3D representation has several advantages over a single, or multiple,

2D representation:

- A 3D representation is a natural way to fuse multiple images information.
Such a representation is more informative than simple sets of 2D images, since

additional calibration information is taken into account.

- A 3D representation is more robust to the object position relative to the devices,
as it replaces a possibly complex matching between learned views and the actual

observations by a 3D alignment (see Section 7.2).
- A 3D representation allows different device configurations.

Motion templates (MEI or MHI) extend easily to 3D by considering the occupancy
function D(zx,y, z,t) in 3D, where D = 1 if (x,y, z) is occupied at time t and D = 0

otherwise, and by considering voxels instead of pixels [117]:

T ifD(x,y,z,t) =1

maz{0,v,(x,y,z,t—1) —1} otherwise

UT(I7y7zvt) = { (72)
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Figure 7.4: Block diagram of the action representation process from the 3D volumetric reconstruction of the
actor pose in each frame to the Motion History Volume.

In the rest of the paper, we will assume templates to be normalized respect to the

duration of an action:

UT:tmazftmin (':E? Y, z, tm(lm)

tmaw - tmin

v(z,y,z) = , (7.3)
where t,;n, and 4, are start and end time of an action. Hence, motion templates
loose dependencies on the absolute execution speed and they result all with the same
length. In this particular implementation, ¢, and ., are easily determinable
as the first and last frame of each recorded sequence, while, in a general case, a
motion segmentation needs to be conducted [117]. The input occupancy function
D(z,y, z,t) represents the reconstructed voxel set for each frame. Note however
that, as for 2D motion templates, different body proportions may still result in very
different templates. Fig. 7.3 shows examples for motion history volumes for the

reconstructed volumes.

Actually we do not consider the original reconstructed volumes, but we apply
some morphological processing on the reconstructed volume (for each frame) in order
to eliminate artifacts due to reconstruction and to better highlight the body parts
involved during the movement. In order to reduce artifacts in the 3D reconstruction,
a closing operator is first applied (described in Section 4.2.4). It produces an output
similar to dilation, but more close to the original object. After this pre-filtering, the
curve skeleton is extracted and then the original volume is approximated using the

voxel approximation of the ball growing approach (described in Section 5.4):
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- The curve skeleton is extracted using the proposed thinning algorithm (de-
scribed in Section 5.3).

- The surface is extracted with a 3D morphological dilation with a 3 x 3 x 3
structuring element and then by subtracting the original 3D object to the

result (as shown in Section 4.3.1).

- The distance of each skeleton voxel to the nearest point on the surface is com-
puted and the skeleton voxel is substituted with a discretized ball with center
equal to the skeleton voxel and with radius equal to the estimated distance
to the surface (Section 5.4). Some examples of reconstructed 3D frames are

shown in Fig. 5.21.

We refer to this procedure as thinning&reconstruction (T&R) and it is summarized,
inside the action representation diagram, in Fig. 7.4. The MHYV is computed af-
ter this thinning&reconstruction procedure applied to each volumetric reconstructed
pose. Fig. 7.5 shows two MHVs computed without and with our procedure. It can be
noted that the 3D thinning better highlights the movement (the left arm that is not
involved in the movement but remains always close to the body is not reconstructed
in Fig. 7.5(b)) and reduces the body shape dependence (the physical stage is less
represented in Fig. 7.5(b) even if the height information is still present) incrementing
the similarity between movements, even if performed by actors with different gender

or different body structure.

7.2 Motion Descriptors

Our purpose is to compare body motions that are free in locations, orientations and
sizes. This is not the case of motion templates, as defined in the previous Section,
since they encode space occupancy. Even if 3D thinning decreases the dependence on
gender and dresses, it is not sufficient to completely solve body sizes. The location
and scale dependencies can be removed by centering, with respect to the center of the
mass, and scale normalizing, with respect to a unit variance, motion templates, as it is
usual in shape matching [117]. For the rotation, the most used tools are Hu moments
(we can consider their simple 3D extensions by Sadjadi and Hall [96]) or Fourier
based features. However, several works tend to show that moments are inappropriate

feature descriptors, especially in the presence of noise [107]. In contrast, several works
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Figure 7.5: Motion History Volumes of an action PointAt: (a) computed directly on the voxel set, (b)
computed on the reconstructed voxel set after the thinning procedure.

demonstrate better results using Fourier based features [45]. Fourier based features
are robust to noise and irregularities, and present the nice property to separate coarse
global and fine local features in low and high frequency components. Moreover, they
can be efficiently computed using the Fast Fourier Transform (FFT). Our approach
is therefore based on these features, as suggested by Weinland et al. [117]. Invariance
of the Fourier transform follows from the Fourier shift theorem: a function fo(x) and
its translated counterpart fi(x) = fo(z — o) only differ by a phase modulation after
Fourier transformation:

Fi(k) = Fy(k)eI2mkeo, (7.4)

The invariance property translates easily onto rotation by choosing coordinate sys-
tems that map rotations onto translations. A popular example is the Fourier-Mellin
transform [20], that uses log-polar coordinates for translation, scale, and rotation
invariant image registration (as we have discussed in Section 2.5.4). In a similar way,
we use Fourier transform and cylindrical coordinates, centered on bodies, to express
motion templates in a way invariant to locations and rotations around the z-axis.
The overall choice is motivated by the assumption that similar actions only differ by
rigid transformations composed of scale, translation, and rotation around the z-axis.
Of course, this does not account for all the similar actions of any body, but it ap-

pears to be reasonable in most situations. Although it is possible to precisely recover
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7.2 Motion Descriptors

Figure 7.6: Motion History Volumes examples represented in cylindrical coordinates: (a) Open, (b) Kick, (c)
March. Color values: red = current; ...; blue = maximum duration encode voxels occupied at the beginning
of the action.

the relative orientations between history volumes using the phase or normalized cor-
relation in Fourier space and to compare the aligned volumes directly, this almost
never improves the classification results [61]. Using invariant motion descriptors is
advantageous, because we do not need to align training examples for learning a class

model, or to align test examples with all the class prototypes for recognition.

7.2.1 Invariant Representation

We express the motion templates in a cylindrical coordinate system (r,6, z):
v( 22 442, tan~ " <g> , z) — v(r, 6, 2), (7.5)
T

where (z,y, z) are the coordinates of a point in the cartesian coordinate system, and
(r,0,z) are the coordinates of the same point in the cylindrical coordinate system
representing respectively radius, azimuth angle, and height.

Thus, a rotation around the z-axis (of an angle equal to 6p) results in a cyclical

translation shifts:
v(x cos by + ysin by, —z sin by + y cos Oy, z) — v(r,0 + 0o, 2). (7.6)

We center and scale-normalize the templates. In detail, if v is the volumetric cylin-
drical representation of a motion template, we assume all the voxels that represent

a time step, i.e., for which v(r,0,2) > 0, to be part of a point cloud. We compute
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Figure 7.7: 1D-Fourier transform in cylindrical coordinates. Fourier transforms over 6 are computed for
couples of values (r, z). Concatenation of the Fourier magnitudes for all the r and z forms the final feature
vector.

the mean p and standard deviations o, and o, in r- and z-directions. The template
is then shifted, so that ¢ = 0, and scale normalized, so that o, = o, = 10. Some
examples of the normalized MHV represented in cylindrical coordinates are shown
in Fig. 7.6. We choose to normalize in z- and r-directions, instead of a principal
component based normalization, focusing on the main directions actions differ on.
This method gives good results for people performing similar actions.

The absolute values |V (r, kg, z)| of the 1D Fourier transform:

V(r kg, z) = /W v(r, 02)e2™ke0dp, (7.7)
-7
for each value of r and z, are invariant to rotation along 6.

See Fig. 7.7 for an illustration of the 1D-Fourier transform. For the 1D Fourier-
transform the spatial order along z and r remains unaffected. An important property
of the 1D-Fourier magnitudes is its trivial ambiguity with respect to the reversal of
the signal. Consequently, motions that are symmetric to the z-axis (e.g., move left
arm-move right arm) result in the same motion descriptors. This can be considered as
a loss in information. In cases where it is important to resolve left /right ambiguities
a slightly different descriptor can be used. One such descriptor is the magnitude
|V (kr, ko, kz)| of the 3D-Fourier transform [118]:

V(kr, ko, k) :/ / / v(r, 0z)e 92k tko0 k) gr. g . (7.8)
—o0 J—m J—00

applied to the motion template v. This descriptor is only symmetric with respect
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Figure 7.8: Block diagram of the computation of the motion descriptor of each sequence from the Motion
History Volume till the computation of the feature vector.

to an inversion of all the variables, 4.e., humans standing upside-down, which does
not happen very often in practice. Weinland et al. use both descriptors in Eq. (7.7)
and Eq. (7.8) with success [118], [117]. The results are anyway inferior for those
obtained with Eq. (7.8) to those obtained with Eq. (7.7).

In order to construct a feature descriptor that does not avoid completely the
phase information, but performs well as Eq. (7.7), we implement a Hessian Invariant
Descriptor. The idea behind the Hessian Invariant Descriptor [16] (as described in
Chapter 2) is to differentiate the phase spectrum twice to eliminate the linear phase
terms. The invariant parts are then the modulus of the spectrum and the second

order partial derivative respect to 6 of the phase spectrum:

Fy (T, kg, Z) = HV (T’ kg, Z)| y Plokg (T’ kg, Z)] . (79)

The procedure implemented to obtain the motion feature vectors is summarized
in Fig. 7.8.

7.3 Action Classification

In this Section we illustrate classification results using Linear Discriminant Analy-
sis (LDA) for dimensional reduction [50], [79], combined with a minimum distance
classifier using Mahalanobis distance [29]. In order to test the classification system,
a gallery of N samples for training is considered. Each sample is a feature vector,
output of the aforementioned procedure, representing an action sequence recorded
in our database (described in Section 3.4 and available at [77]). More details about

the gallery dimension and the tests performed are described in Section 7.4.

7.3.1 Dimensionality Reduction

In order to reduce the vectors dimensionality, we use the Linear Discriminant Anal-

ysis (LDA), a supervised linear feature extraction technique, that projects data
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through a linear mapping that maximizes the between-class variance while mini-

mizes the within-class variance |79]. Calling:
- C' the number of classes, i.e. the number of actions in the database,

- N; the number of samples analyzed for the i-th class, 7.e. the number of

sequences for each action in the training set,

- N the number of samples for training (N = N;C),

D and d the feature vectors sizes respectively before and after the reduction,

- Sw the within-class covariance matrix (which has at most rank N — C),

Sp the between-class covariance matrix (which has at most rank C' — 1),

St the total covariance matrix (which has at most rank N — 1);

LDA seeks the vectors w such that maximize the Fisher criterion [79]:

wlSpw
W = argmay {||WTS{f/W” } . (7.10)
These vectors w can be found by solving the eigenvalue problem:
SI;/-lSBWi = Wi)\i‘ (7.11)

When the size of the original feature space D is much larger than the number N
of vectors available for training, the within-class scatter matrix is singular, so not
invertible. To address this problem, we follow the approach proposed by Huang et
al. [50] which belongs to the class of approaches in the null-space. The basic idea
is to reduce the dimensionality working only in the null-space of the within-class
scatter matrix and to diagonalize the between-class scatter matrix in that space.
Specifically, the basic idea is to maximize the extended Fisher criterion [67]:

T
P(w) = w' Spw

wl'Spw + wlSyw’ (7.12)

Each w such that w” Syyw = 0 while w” Spw # 0 maximizes the function F'(w) [19].

These vectors belong to the null-space of Sy. However, not all the null-space of Sy is
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Figure 7.9: Block diagram of the classification process from the computed feature vector to the definition of
the action label.

needed [67]. It is necessary to eliminate the null-space of St, which is the intersection

between the null-space of Sy and the null-space of Spg:

{ if wliSyw=0 & w!/Spw#0 keep (7.13)

if wlSyw=0 & wlSpw=0 descard

Then, in the complementary subspace, the null-space of the new within-class scatter
matrix is computed. In this subspace the vectors that maximize the distance between
different classes are estimated.

All the steps, performed in order to remove the null-space of the total scatter
matrix (that is equivalent to project the vectors in the column space of S;) and then,
working in the null-space of Sy, to diagonalize the matrix Sp, are summarized below

(and represented in Fig. 7.9):

- First of all the null-space of S; must be calculated and removed solving the

eigenvalue problem:
Sy =vsvT (7.14)

and taking the eigenvectors v corresponding to the non-zero eigenvalues:

U= [V1,V2,...,VN,1]. (715)

- Sw and Sp are then projected in the null space of S;:

Sl = UTSwU

7.16
St =UTSU (7.16)
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- An orthonormal basis for the null-space of Sy, is calculated, obtaining the

matrix Q, which consists of the C' — 1 vectors such that:

Siyq = 0. (7.17)

- Then Sy, and Sy are projected in this subspace:

Sty = QTSQ =0

. (7.18)
SE=QTSEQ = (UQ)"Sp(UQ)
- Eigenvalues and eigenvectors of S7 are computed:
St =ZAZT. (7.19)
Therefore the projection matrix is:

Wpxa =UQZ (7.20)

and the reduced feature vectors are:
y =WTx. (7.21)

This algorithm is theoretically very efficient because it works in the null-space of
Sy after the discharge of the null-space of S¢, which contains no useful directions.
It considerably decreases the computational cost. In addition, the total covariance
matrix of the projected vectors is a diagonal matrix. This means that the transformed
components are uncorrelated and, therefore, the redundant information contained in

the original feature is eliminated.

7.3.2 Classification

Classification is realized using a Nearest Neighbor Classifier. Given a feature vector

Xtest t0 be classified, it is first projected in the LDA sub-space, following Eq. (7.21):

Ytest = WTXtest . (722)
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It is then compared with each feature vector memorized in the gallery (yiest,;) and
assigned to the class c of the gallery vector from which the Mahalanobis distance is

minimal:

d
N2
c=argminj=,  n{dist;} = = argmz'njzl,m’N{ Z(yf;?z — y;;\/dg,;;) }
z z

z=1
(7.23)

The Mahalanobis distance [29] is the sum of the Euclidean distance between each
component, normalized by the variance d,. {d.},—1 . p are the singular values of
S%. The goal is to simulate as covariance matrix an Identity matrix, resulting in an
isotropic distribution of the elements. Therefore all the components are equivalent
in the distance computation. Without the division for the variance, it would be most
likely to find great distances in the directions in which the vectors have great vari-
ance, and small distances where the variance is lower. Considering components with
equal Euclidean distance, the one with lower variance should worth proportionally
more, because in that direction the data tend to be more compact. Normalizing in-
stead, all the components tend to be equally distributed and all the directions worth

equivalently.

7.4 Results

In this Section, we summarize the proposed algorithm and our implementation of
the algorithm proposed by Weinland et al. [117] and we compare the results obtained
using the database of actions developed in the ISPG laboratory (described in Section
3.4 and available at [77]). It is composed by 10 different actions, each performed 5
times by 5 actors (showing different orientations and different body structures).

The proposed algorithm can be summarized as follows:

- for each frame of the action sequence, the 3D actor volume (B) is reconstructed

using the procedure described in Chapter 3;
- a closing operator (with a 3 x 3 x 3 structuring element) is applied on B;

- the thinning&reconstruction procedure, as described in Section 7.1, is applied

on the volumetric rendering;
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- the normalized Motion History Volume is computed for each volumetric recon-

structed action sequence (Eq. (7.3));

- the Hessian Invariant Descriptor is applied on the 1D Fourier Transform of the

MHYV expressed in cylindrical coordinates (Eq. (7.9));

- the resulted feature vector is projected in the subspace determined by LDA
(Eq. (7.21));

- the classification is performed using a Nearest Neighbor Classifier, based on
the Mahalanobis distance (Eq. (7.23)).

Our implementation of the algorithm proposed by Weinland et al. [117] can be

summarized as follows:

- for each frame of the action sequence, the 3D actor volume (B) is reconstructed

using the procedure described in Chapter 3;

- a closing operator (with a 3 x 3 x 3 structuring element) is applied on B (this
pre-filtering is not proposed by Weinland et al. [117], but we apply it in order

to filter some artifacts due to the voxel reconstruction process);

- the normalized Motion History Volume is computed for each volumetric recon-

structed action sequence (Eq. (7.3));

- the modulus of the 1D Fourier Transform (Eq. (7.7)) of the MHV expressed in

cylindrical coordinates is computed;

- the resulted feature vector is projected in the subspace determined by Principal
Component Analysis (PCA) [85];

- the classification is performed using a Nearest Neighbor Classifier, based on
the Mahalanobis distance (Eq. (7.23)).

A leave-one-out cross validation is implemented, where we successively use 4 actors
(1 sequence for each performer and action) to learn the actions (40 sequences in total)
and the other sequences (210 in total) for testing. We would like to underly that one
actor is not present in the sequences used for learning.

We compare our method to the method proposed by Weinland et al. [117] that
uses MHV and PCA-+Mahalanobis for classification. Moreover we implement a clas-

sification process that follows the proposed method neglecting the T&R procedure
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Figure 7.10: Similarity matrices: (a) using Weinland et al. algorithm (PCA) [117]; (b) using our algorithm
(T&R+LDA).

(called briefly the LDA method): it uses LDA-+Mahalanobis classifier applied on
the MHV computed on the original sequence of voxel representations (extracted as
described in Chapter 3). We obtain an average classification rate of 0.9190 with the
Weinland et al. method [117] (briefly called PCA method), respect to a 0.9571 using
LDA method, and to 1 obtained using the proposed method (called T&R+LDA).
Detailed results are given in Table 7.1 and Fig. 7.10. Moreover with LDA the origi-
nal descriptors are reduced from D = 262144 to d = 9 components (while with PCA

the projected vectors have d = 39 components).

Even if the proposed database can be improved considering more difficult and
similar motion patterns, some of the proposed actions are challenging for the classi-
fication system: PointAt, for example, is easily misclassified as Move and viceversa,
because they both concern the movement only of the right arm. Walk is often misun-
derstood as March if the actor performs movements wider than usual. At the same
time Push can be misclassified as Open, and Crouch as Grasp, but this happens only

implementing the PCA method. Using a better classifier the two misunderstand-
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ings are easily solved. This comparison shows, first of all, that LDA outperforms
PCA, because not only reduces more the feature dimensions, but also produces a
greater classification rate with less elements. In fact, Principal Component Analysis
can cut some useful information. Moreover the thinning&reconstruction procedure
increments the classification rate because it reduces the body shape dependence,
incrementing the similarity between movements even if performed by actors with

different gender or different body structure.

This increment of the performances is obtained at the cost of an increment of
computational cost, mostly due to the thinning procedure and the computation of the
distance between each thinned voxel and its nearest point on the surface (necessary
for the reconstruction step). We do not directly use the extracted curve skeletons
because the MHVs computed on them are not as useful as the corresponding MHVs
computed on the reconstructed volumes. The MHVs extracted on the curve skeletons
are too “thin” along the body and too “noisy” (as shown in Fig. 7.11). Therefore there
are problems both to align the MHVs (often imposing 1 = 0 does not correspond to
a correct alignment) and to compute the FFT because there is not the reconstruction

process that smooths the volume on which the FFT is applied. Both these problems

Table 7.1: Action classification results. Results applying the PCA, LDA, and T&R + LDA methods are
presented.

Action PCA (%) LDA (%) T&R + LDA (%)
Open 100 100 100
Kick 100 100 100
Walk 76.19 90.48 100
Crouch 90.48 100 100
Grasp 100 100 100
March 100 90.48 100
PointAt 85.71 95.24 100
Push 95.24 100 100
MoveRt 71.43 80.95 100
Pull 100 100 100
Average Rate 91.9 95.71 100
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Figure 7.11: Examples of Motion History Volumes computed on the extracted curve skeletons: (a) Open, (b)
Kick, (c) March. Color values: red = current; ...; blue = maximum duration encode voxels occupied at the
beginning of the action.

conduct to feature vectors that are not distinctive for the corresponding action (the
classification rate falls to the 0.82%).
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8 Conclusions and future research

directions

8.1 Conclusions

In this thesis we present novel solutions for the analysis, representation, and classi-
fication of human body and actions. All the proposed methodologies are developed
following a morphological approach, which allows us to deal with 3D reconstructed
objects without the use of an a priori model or any requirement on the sampling
accuracy of the surface.

Starting from the 3D reconstruction of the human body as a voxel set represen-
tation, we propose some morphological techniques that make use of digital topology
for reformulating standard Pattern Recognition problems, such as surface recon-
struction and Medial Axis approximation. Moreover, thanks to these morphological
techniques, we face the problem of action classification using a novel and promising
approach. Furthermore we design an automatic human action recognition system,
considering both the problems of acquisition setup (calibration and volumetric re-
construction) and of feature extraction. In the following, we recall briefly the main

issues tackled and the solutions proposed.

8.1.1 Calibration

Thinking on an innovative and user friendly acquisition setup, we decide to use a
net of 3 Kinect devices to capture the scene. Multiple view systems are nowadays
the natural choice for indoor vision-based gesture recognizers design. Our system
is viewpoint independent and motion ambiguities are avoided. Moreover, we decide
to use Kinect devices because of the opportunity to combine RGB images with the

information coming from depth maps.
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From the analysis of many different solutions proposed in the literature, we under-
stand that the common approaches, designed to find putative stereo-correspondences
in images acquired with wide baseline, extract features that are very general and
weak, since nothing is known of the underlying geometry of the acquired scene. For
this reason, they are not able to distinguish if abrupt geometrical discontinuity is
or not present in the point neighborhood. We propose a novel approach to define
putative correspondences between images, where the information from correspond-
ing depth maps are fruitfully integrated to reduce variability in the neighborhood
around interest points. In particular, we are able to recognize corners due to varia-
tions only in the texture and not in the surface. Considering only texture corners,
projective or affine distortions are reduced to similarity transforms, making available
more robust and complete descriptors like Taylor or Hessian Invariant Descriptors
applied to the Fourier-Mellin Transform (i.e. to the Fourier Transform applied on the
rectified neighborhood mapped in log-polar coordinates). We also show how these
descriptors, that are robust only to rotation, or rotation and scaling, provide better
results with respect to state of the art descriptors like SIFT [75]. This indicates
that the auxiliary information from depth map improves features matching even for
wide baseline views. The resulting approach demonstrates the profitable integra-
tion between depth maps and color images to strengthen matching capabilities. The
proposed descriptors hold much more information of the original image patch with
respect to more general descriptors. Furthermore the computational complexity of
the proposed descriptors is also very close to state of the art feature descriptors.

Starting from these results and considering that less devices can be used respect
to a wide-baseline multi camera system, we implement a novel acquisition system

based on color and depth images (using low cost Kinect devices).

8.1.2 Volumetric Reconstruction

Implementing a simplified acquisition setup, composed by a blue room with only a
performer in the scene and no occlusions (except self-occlusions), we develop a system
for the volumetric reconstruction of the actor body in the scene. The background
subtraction is performed on the color images, because depth maps are too noisy to
extract good silhouettes. Each silhouette is then converted in the IR camera image
plane, because depth maps allow us to reconstruct the 3D scene also in its concave

parts implementing a Visual Hull approach. Silhouettes extracted from color images
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allow to obtain only the Convex Hull implementing a Visual Hull approach. Finally

the projected cylinders are merged using a low cost AND operator.

8.1.3 Morphology

We propose a unified theory for dealing with different types of analysis problems
based on a 3D reconstruction of the scene. In particular, we extend the well known
morphology operators and algorithms designed for binary images to the voxel world.
They can be applied independently from the tools used to obtain the 3D reconstruc-
tion, from the surface sampling accuracy, and from the object represented. The
most manifold problem to deal with is the definition of the structuring elements of
the 3D thinning algorithm, developed in order to obtain an approximation of the
curve skeleton that is: homotopic with the original object; geometrically centered
within the object boundary; as close as possible to the object shape; smooth; robust
to noise on the surface; as thin as possible; and efficient. Our algorithm shows all
these properties, does not depend from any parameter, and does not require any pre-
or post-processing. We discuss all these aforementioned desirable features, compar-
ing our results with one of the most cited thinning algorithm [93], and we show the

improvements achieved.

8.1.4 Surface Reconstruction

3D morphological operators can be used to obtain a fast and accurate surface repre-
sentation of the object surface, using a ball-growing as well as a mesh-free approach.
Both the developed surface reconstruction methods are applicable using the infor-
mation extracted from the morphological or the curve skeletons. Comparing our
results with the Voronoi-based approach [3|, the computational gain is indisputable,
while the results precision remains comparable. We have also the advantage that
no requirement on the reconstructed object or on its surface is imposed, but only
the voxel representation is needed. Furthermore our approach is suitable for a filter-
ing procedure that allows to extract the most important components of the object,

moving towards a hierarchical representation.

8.1.5 Action Classification

Regarding the action recognizer device, having the 3D human body reconstruction

available for each frame, two are the main issues to deal with: the representation of
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the action pattern and the feature extraction. For the classification we implement a
well known Linear Discriminant Analysis + Nearest Neighbor Classifier, based on the
Mahalanobis distance, showing that the extracted features are greatly characterizing
for the action performed. Moreover considering the actions globally, no time warping
or frame alinement are needed (no semantic meaning are extracted).

The developed thinning&reconstruction morphological procedure allows to obtain
a better representation of the human body, highlighting the movement and reducing
the body shape dependence. Its application increments the similarity between move-
ments, even if performed by actors with different gender or different body structure.

For the representation of the action pattern, we choose to use the Motion History
Volume (considering the occupancy function). In order to obtain invariance under
translation and body size, we consider each volume centered on the center of the mass
and with standard deviation in 7 and z directions fixed for all the subjects. In order
to obtain the invariance under rotation around the z axis, we employ the Hessian
Invariant Descriptor: considering the voxel set in cylindrical coordinates, a rotation
around the z axis corresponds to a shift in the 8 axis. Computing the 1D Fourier
Transform (only respect to the 6 axis), the linear phase contribution introduced by
the aforementioned rotation can be tackled considering the module and the phase
second order derivative respect to that axis. The extracted feature vectors show
good results. We demonstrate that, using the designed morphology operators, the

performance greatly improves till 100% success in action classification.

8.2 Future Works

To conclude, we mention a set of possible evolutions of the work presented in this
thesis. Some of them are already under evaluation, but they need additional experi-

ments before being applied.

8.2.1 Segmentation in a Real Environment

In Chapter 3, we describe a silhouette extraction procedure based on the Hue chan-
nel of the color image. It generates an accurate image segmentation because we
implement a simplified scenario: a room with blue curtains, blue floor and uniform
illumination. In order to generalize the application field (e. g¢. domestic appli-

cation, monitoring for dangerous working sites, surveillance), more advanced color
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camera based background subtraction methods must be studied and implemented,

considering eventually also a dynamic (and not only static) background.

8.2.2 Medial Surface Approximation

In Chapter 6, we point out that the algorithm based on the morphological skeleton
does not maintain the topology of the original object, even if the surface representa-
tion is of the same homotopy type as the input surface. This is achieved using the ball
growing approach. We design an algorithm to compute the elements 26-connected
inside an object and to compute how many and which spheres are intersecting each
skeleton ball. These two pieces of information can be combined and used to link
separated object belonging to the morphological skeleton, obtaining a medial surface
approximation that reflects the same topological structure of the input object and
reflects better its volume occupancy respect to how it is estimable using the curve
skeleton approximation. Also some a priori knowledge of the topological structure
of the human body can be used to recover a medial surface approximation that pre-
serves the topological structure and to produce a more accurate and detailed surface

reconstruction.

8.2.3 Exploring a Large Data Set

In Chapter 7, we show that the action classification system obtains 100% recognition
rate with our database (outperforming other implemented methods). Only with a
greater database, composed by more actions performed by more actors, it is possible
to build a real statistical model for action recognition system training and perfor-
mance rating. We use 4 sequences for each action for training and 21 for testing,
with an actor not present in the training phase. If more actors will be available, the
classification performance, in terms of independence from the performer, could be
tested. Experimentally, it is verified that similar actions (e.g. March and Walk or
PointAt and Move) can be misclassified and confused. A more extended vocabulary
of actions, composed by more similar actions, could better prove our algorithm, that

looks foolproof for the presented database.

8.2.4 Segmenting Continuous Gesture Sequences

The sequences used to carry out experiments contain only one action, start with a

standard pose, and end with the same pose. Even if the initial and final poses do
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not seem a problem for the classification procedure, one of the next frontiers of this
project is to make the system able to deal with sequences containing a continuous
stream of different gestures. Different temporal segmentation approaches are pro-
posed in the literature. Temporal segmentation consists in splitting a continuous
sequence of motions into elementary segments. In particular Weinland et al. [117]
propose an automatic procedure that uses the MHVs computed over small time win-
dows (typically 2 — 10 frames) and that relies on the definition of motion boundaries

as minima in motion energy.

8.2.5 Gesture Recognition with Additional Information

The system developed produces only a label corresponding to the action performed.
No semantic information is extracted. For example, the speed of an action can
be a useful information to distinguish walking from running, but it could be more
interesting to conduct a behavioral analysis of the action: to recover if the movement
is performed impetuously. The execution speed is a variable easily computable, the
interpretation of a gesture, instead, is more difficult. Some researches deal with
Fuzzy Logic [132] in order to achieve this issue, but a deeper analysis of the human

behaviors and how to represent them is still necessary.

8.2.6 Dealing with Multiple Actors and/or Occlusions

The system implemented is able to deal only with sequences involving only one actor
at a time and no other object in the scene. A more realistic extension of this system
will be the possibility of recognizing multiple actors in a real scene (with any kind of
furniture present) and classifying the action performed by each of them separately.
If the actors act separately and no object occlusions are present, the problem will be
easily solved, because each actor is represented by its own voxel set. Problems could
arise when the actors interact touching each other and touching other objects. In this
case a segmentation is necessary and when occlusion happens, probably the use of a
body model for the estimation of each actor pose in each frame would be required.
On our database we have already worked on a tracking system that uses a body
model in order to recover the actor pose in each frame and it can be useful in such
kind of situations to merge both the approaches. However, also the aforementioned
tracking system is tested only on sequences with a single actor in the scene. A new

database of actions involving multiple actors and objects needs to be developed.
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