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Présentée par

Abdelaziz Djelouah
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Professeur, Université de Surrey, Rapporteur

Drettakis, George
Directeur de Recherche, INRIA, Examinateur
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Résumé

L’utilisation de systèmes multi-caméras est de plus en plus populaire et il y a un intérêt croissant
à résoudre les problèmes de vision par ordinateur dans ce contexte particulier. L’objectif étant
de ne pas se limiter à l’application des méthodes monoculaires mais de proposer de nouvelles
approches intrinsèquement orientées vers les systèmes multi-caméras. Le travail de cette thèse
a pour objectif une meilleure compréhension du problème de segmentation multi-vues, pour
proposer une nouvelle approche qui tire meilleur parti de la redondance d’information inhérente
à l’utilisation de plusieurs points de vue.

La segmentation multi-vues est l’identification de l’objet observé simultanément dans plusieurs
caméras et sa séparation de l’arrière-plan. Les approches monoculaires classiques raisonnent
sur chaque image de manière indépendante et ne bénéficient pas de la présence de plusieurs
points de vue. Une question clé de la segmentation multi-vues réside dans la propagation
d’information sur la segmentation entres les images tout en minimisant la complexité et le coût
en calcul. Dans ce travail, nous investiguons en premier lieu l’utilisation d’un ensemble épars
d’échantillons de points 3D. L’algorithme proposé classe chaque point comme ”vide” s’il se pro-
jette sur une région du fond et ”occupé” s’il se projette sur une région avant-plan dans toutes les
vues. Un modèle probabiliste est proposé pour estimer les modèles de couleur de l’avant-plan
et de l’arrière-plan, que nous testons sur plusieurs jeux de données de l’état de l’art.

Deux extensions du modèle sont proposées. Dans la première, nous montrons la flexibilité de
la méthode proposée en intégrant les mélanges de Gaussiennes comme modèles d’apparence.
Cette intégration est possible grâce à l’utilisation de l’inférence variationelle. Dans la seconde,
nous montrons que le modèle bayésien basé sur les échantillons 3D peut aussi être utilisé si des
mesures de profondeur sont présentes. Les résultats de l’évaluation montrent que les problèmes
de robustesse, typiquement causés par les ambigüités couleurs entre fond et forme, peuvent
être au moins partiellement résolus en utilisant cette information de profondeur. A noter aussi
qu’une approche multi-vues reste meilleure qu’une méthode monoculaire utilisant l’information
de profondeur.

Les différents tests montrent aussi les limitations de la méthode basée sur un échantillonnage
éparse. Cela a montré la nécessité de proposer un modèle reposant sur une description plus riche
de l’apparence dans les images, en particulier en utilisant les superpixels. L’une des contribu-
tions de ce travail est une meilleure modélisation des contraintes grâce à un schéma par coupure
de graphes liant les régions d’images aux échantillons 3D. Dans le cas statique, les résultats
obtenus rivalisent avec ceux de l’état de l’art mais sont obtenus avec beaucoup moins de points
de vue. Les résultats dans le cas dynamique montrent l’intérêt de la propagation de l’information
de segmentation à travers la géométrie et le mouvement.

Enfin, la dernière partie de cette thèse explore la possibilité d’améliorer le suivi dans les systèmes
multi-caméras non calibrés. Un état de l’art sur le suivi monoculaire et multi-caméras est
présenté et nous explorons l’utilisation des matrices d’autosimilarité comme moyen de décrire
le mouvement et de le comparer entre plusieurs caméras.
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Abstract

There has been a growing interest for multi-camera systems and many interesting works have
tried to tackle computer vision problems in this particular configuration. The general objective is
to propose new multi-view oriented methods instead of applying limited monocular approaches
independently for each viewpoint. The work in this thesis is an attempt to have a better under-
standing of the multi-view object segmentation problem and to propose an alternative approach
making maximum use of the available information from different viewpoints.

Multiple view segmentation consists in segmenting objects simultaneously in several views.
Classic monocular segmentation approaches reason on a single image and do not benefit from
the presence of several viewpoints. A key issue in that respect is to ensure propagation of
segmentation information between views while minimizing complexity and computational cost.
In this work, we first investigate the idea that examining measurements at the projections of a
sparse set of 3D points is sufficient to achieve this goal. The proposed algorithm softly assigns
each of these 3D samples to the scene background if it projects on the background region in at
least one view, or to the foreground if it projects on foreground region in all views. A complete
probabilistic framework is proposed to estimate foreground/background color models and the
method is tested on various datasets from state of the art.

Two different extensions of the sparse 3D sampling segmentation framework are proposed in
two scenarios. In the first, we show the flexibility of the sparse sampling framework, by us-
ing variational inference to integrate Gaussian mixture models as appearance models. In the
second scenario, we propose a study of how to incorporate depth measurements in multi-view
segmentation. We present a quantitative evaluation, showing that typical color-based segmen-
tation robustness issues due to color-space ambiguity between foreground and background, can
be at least partially mitigated by using depth, and that multi-view color depth segmentation also
improves over monocular color depth segmentation strategies.

The various tests also showed the limitations of the proposed 3D sparse sampling approach
which was the motivation to propose a new method based on a richer description of image
regions using superpixels. This model, that expresses more subtle relationships of the problem
trough a graph construction linking superpixels and 3D samples, is one of the contributions of
this work. In this new framework, time related information is also integrated. With static views,
results compete with state of the art methods but they are achieved with significantly fewer
viewpoints. Results on videos demonstrate the benefit of segmentation propagation through
geometric and temporal cues.

Finally, the last part of the thesis explores the possibilities of tracking in uncalibrated multi-view
scenarios. A summary of existing methods in this field is presented, in both mono-camera and
multi-camera scenarios. We investigate the potential of using self-similarity matrices to describe
and compare motion in the context of multi-view tracking.

iii



Contents
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Chapter 1

Introduction

Image and video segmentation are among the most studied subjects in computer vision. They
represent the first step of many algorithms such as scene analysis, matting, compositing for
post-production, image indexing, compression and 3D reconstruction.

During the course of this thesis, we will be mainly interested in foreground/background seg-
mentation, which consists in separating image and video pixels into two layers: the foreground
layer, that represents the object of interest - a notion that we will more precisely define in this
thesis - and the background layer that is often replaced in compositing.

From original image segmentation works [4, 5] to more recent video segmentation tools [6]
used in the image and video industry, a wide variety of methods have been proposed, constantly
improving segmentation results by addressing more and more challenging situations.

In this thesis we will study the particular situation of multi-camera segmentation, a situation
that frequently arises nowadays. Thanks to the advances in multi-camera calibration [7, 8], it is
now possible to obtain good information on camera positions with off-the-shelf tools. The work
presented here will primarily investigate the usage of this information to improve segmentation
results and make user interaction less necessary.

1.1 Motivation

It is interesting to see that despite the important work done in this domain, green screen based
segmentation is still widely used, even in professional setups as shown in Fig. 1.1, with an ex-
ample from Technicolor post-production services. Not only are green screens still largely used,
but user guidance is still heavily present. This situation is often encountered in in-painting prob-
lems [9, 10] where the proposed algorithms rely on a precise segmentation often obtained with
user-assisted tools. It is true that automatically identifying and segmenting interesting layers
for image and video processing can be hard to automate, especially when it is more a matter of
artistic consideration, such as applying visual effects to specific image regions. However, for
a task as simple as identifying the main characters and segmenting them from the background

1



Chapter 1. Introduction 2

layer, one can expect this problem to be efficiently addressed by existing algorithms. It appears
that this is not the case even in such simple scenarios. Deciding what is the object of interest
remains a hard problem and it is only recently that some methods addressing automatic object
segmentation have achieved interesting results [11].

FIGURE 1.1: Compositing example from Technicolor: green screen is still widely used for
segmentation.

For the purpose of scene editing, the same scene is often captured from different viewpoints.
Thus, using multiple cameras in a studio corresponds to a regular situation. It is also becoming
a more frequent situation in every day life, with the lower cost of camera devices. This naturally
raises numerous questions about how computer vision algorithms adapt to multiple camera se-
tups. Such questions have already been addressed in various domains, such as tracking [12, 13],
shape and motion analysis [14] and action recognition [15–17].

For motion and shape analysis, state of the art algorithms rely on binary silhouettes of the fore-
ground object to perform reconstruction. Integrating the obtained models into virtual scenes
to achieve photo-realistic rendering is among the main objectives. These new approaches rep-
resent an interesting alternative to classic reconstruction and compositing techniques, and the
documentary The destiny of Rome 1 is a good example of their potential in real productions. In
this case, the working datasets often consist of videos captured using a large number of cam-
eras. Relying on user guided tools to segment foreground characters in the context of multi-view
capture quickly becomes infeasible: manual preprocessing time is too important in this case.
Another consideration is the necessity of a quick rendering of the captured scene, allowing re-
sult checking and onset decision of new captures with possible new configurations. Currently
state of the art methods require well controlled environments with known background models

1http://www.imdb.com/title/tt1722310/



Chapter 1. Introduction 3

(mostly green and blue screens). An example of images from multi-camera capture platform
and reconstruction results is shown in Fig. 1.2.

FIGURE 1.2: In this reconstruction example from [14], we can see the segmentation errors
with background subtraction techniques. Currently these errors are handled through the 3D
reconstruction and mesh tracking [18].

Currently, 3D reconstruction from silhouettes relies on the redundancy of information in multi-
camera setups to limit the impact of segmentation errors on the reconstructed visual hull. This is
the case for all segmentation errors in Fig. 1.2 except the shadow of the ball. Here, the shadow is
consistently observed in all the views, impacting the 3D reconstruction. Using a mesh tracking
approach [18], it is possible to correctly recover from this error. Still, low segmentation quality
will necessarily affect the reconstruction and if the results obtained in a controlled environment
are not perfect, segmentation in general environments is still a challenge to address. Figure. 1.3
shows, for instance, a scenario taken from the work of Guillemaut and Hilton [19] that seems
simple at first but turns out to be very challenging, where none of he standard automatic monoc-
ular segmentation techniques give satisfactory results. The tested methods are based on mixture
of color Gaussians (first result), difference keying with a background image (second result) and
finally segmentation using background cut [20], using a combination of global and local appear-
ance models.

Input image Global color 
model

Difference 
keying

Background
cut

FIGURE 1.3: With this dataset, Guillemaut and Hilton [19] show that automatic monocular
segmentation methods are not able to achieve good segmentation results, even in situations that
may seem simple.

If 3D reconstruction is an important objective of multi-view setups, it is not the only one. As
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previously mentioned, segmentation is a preliminary step for many image post-processing ap-
plications like inpainting and compositing. In this case, it is not clear that 3D reconstruction is
necessary or even helpful. Especially when dealing with a limited number of viewpoints (3 or
4).

Multi-view setups have their own specificities of which segmentation methods should take ad-
vantage. In these configurations, cameras are synchronized and calibration information is avail-
able. Some works have targeted multi-view object segmentation either indirectly through 3D
reconstruction or directly, trying to express the geometric constraints with epipolar geometry
and depth estimation.

As we will show in the state of the art chapter, an exhaustive review of the existing methods
reveals that despite the advances made and their interesting results, all the algorithms struggle to
express the constraints associated with the multi-view aspect of the problem. Using 3D recon-
struction is the most common approach. By solving the dense shape estimation, segmentation in
the images is obtained as a byproduct of the main task by re-projecting the 3D model. Another
“classic” approach is to resort to epipolar geometry to express the links between the views. In
this case there is no dense reconstruction, but to the cost of introducing a point to line relation-
ship that does not simplify the problem. Finally, a last category of approaches assumes a large
number of cameras and relies on estimated depth maps from stereo pairs to link the segmenta-
tions. Good results can be achieved following this direction, but we are not anymore solving the
general case.

The work in this thesis is an attempt to have a better understanding of the multi-view object
segmentation problem: what is the foreground object? How the information from different
viewpoints can be used? Is a multi-view approach more efficient than monocular segmentation
methods? The main objective was to propose an alternative approach to the problem of multi-
view segmentation. This new approach should avoid dense 3D reconstruction and complex
constraints from epipolar geometry. It should address the general case and achieve results as
good as possible even with a limited number of viewpoints. The work in this thesis has naturally
led to the possibility of using movement to address video segmentation in the uncalibrated case.
In the last part of this thesis, we started investigating this direction.

1.2 Thesis outline

The structure of the dissertation is illustrated in Fig. 1.4. First, a review of state of the art
in segmentation is presented (chapter 2). This reviews includes work in image segmentation,
co-segmentation and multi-view segmentation. This chapter is important to understand the mo-
tivation behind the work in this thesis. In chapter 3, we present a new method to extract multiple
segmentations of an object viewed by multiple cameras. It is based on a sparse sampling of
the 3D space and a complete probabilistic framework is proposed to estimate foreground and
background color models. Chapter 4 presents an extension of the proposed solution to handle
different color models and other modalities such as depth information. The results obtained in
this chapter are the main motivation behind the work of chapter 5. Indeed, not all the constraints
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of the multi-view segmentation problem are expressed in the sparse sampling framework. To
address this issue we propose a multi-view graph cut method that is able to express more sub-
tle relationships of the problem. The proposed solution naturally extends to segmentation of
multi-view video sequences. With the extension to videos, the question of using motion as a
supplementary source of information naturally arises. In chapter 6, we explore this direction as
a way to identify and match different tracking hypotheses in a multi-view scenario.

Chapter 2

State of the art

Image Segmentation

Chapter 3

Sparse Multi-view consistency 
for object segmentation

Input
images

E Step

Iterate until convergence

M Step
sample

classification
color model

update

Final
segmentation

Chapter 4

Extensions to other color 
models and other modalities

Chapter 5

Multi-view graph cut 
for object segmentation

src

sink

3D samples
( f )

+( f )

( b )

( b )
0

( f )

Chapter 6

Tracking with 
uncalibrated cameras

Multi-view segmentation co-segmentation

Gaussian mixture models Depth information

(1)

(2)(3)

(?)

Object to match Candidates 
in a different view

(1) (2) (3)SSM

FIGURE 1.4: Thesis outline.
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A more detailed description of the chapters follows

• In Chapter 2, a review of state of the art methods in image segmentation is presented.
Given the subject of this thesis, we focus on binary segmentation methods, but multi-
class labeling algorithms are also discussed, especially in the monocular situation. In this
case, the review is fairly short compared to the amount of existing works, presenting only
the main directions for binary and multi-class segmentation. Segmentation using multiple
images is then addressed, with cosegmentation methods where the main objective is to
identify the object commonly present in two or more images. Similarity of appearance is
the key assumption for cosegmentation approaches. Finally, a detailed review of existing
work in multi-view object segmentation is presented. Using constraints from the multi-
view geometry is the driving idea and the existing methods generally follow two main
trends: segmentation from dense 3D reconstruction and segmentation using epipolar ge-
ometry. This chapter presents the main drawbacks of existing methods that we wish to
address in this thesis.

• Chapter 3 presents a new method to extract multiple segmentations of an object viewed
by multiple cameras. The main drawbacks of previous methods are avoided. There is
no dense 3D reconstruction of the object and no complex constraints from epipolar ge-
ometry. The method is designed to address the most general case and it is not limited to
short-baseline scenarios. A key difficulty in designing a multi-view segmentation algo-
rithm is in how to enforce this inter-view consistency without sacrificing the simplicity
of the approach. To this end, we propose to use sparse 3D sampling of the space as
a way to enforce geometric consistency between segmentations in different views. A
complete probabilistic framework is proposed to estimate foreground/background color
models. The method is tested on various datasets from state of the art.

• In Chapter 4, we explore the potential of the sparse 3D sampling segmentation frame-
work. The idea here is to have a better understanding of the limitations to address. We
want to find out if the multi-view segmentation framework is limited by the quantity of
information it is provided or if the model proposed so far is missing some aspects of the
problems. Two different extensions of the sparse 3D sampling segmentation framework
are proposed in two scenarios. In the first, we show how, using variational inference,
Gaussian mixture models can be integrated in the framework. In the second scenario, we
propose a study of how to incorporate depth measurements in multi-view segmentation.
We present a quantitative evaluation, showing that typical color-based segmentation ro-
bustness issues due to color-space ambiguity between foreground and background, can be
at least partially mitigated by using depth, and that multi-view color depth segmentation
also improves over monocular color depth segmentation strategies.

• Chapter 5 presents a new approach that propagates segmentation coherence information
in both space and time. The work in this chapter is motivated by the results obtained
using different color models and modalities. Results of the sparse sampling segmenta-
tion method suggest that using simple color only appearance models is not sufficient to
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distinguish between foreground and background in complex scenarios. Despite the ge-
ometric consistency expressed in the n-tuple model, the method is still not fully taking
advantage of the multi-view setup. In particular, not all of the multi-view segmentation
constraints are expressed with the sparse sampling framework. To address this issue, we
propose a method based on a richer description of image regions using superpixels and
more subtle relationships of the problem are expressed with the 3D samples. In the new
framework, time related information is also integrated. With static views, results compete
with state of the art methods but they are achieved with significantly fewer viewpoints.
Since the proposed method also addresses video segmentation, a review of existing meth-
ods is proposed and in the experimental section, results on videos demonstrate the benefit
of segmentation propagation through temporal cues.

• Chapter 6 explores the possibilities of tracking in uncalibrated multi-view scenarios. The
results obtained in multi-view segmentation suggests that it is also possible to achieve
interesting results in segmentation and tracking using only information from movement.
A summary of existing methods in this field is presented, in both mono-camera and multi-
camera scenarios. This chapter explores the potential of self-similarity matrices to solve
this problem in the context of multi-view tracking. An energy minimization framework
is proposed to match and validate tracking hypotheses. Preliminary tests on multi-view
datasets show good results, indicating that a frequency analysis of the movement is a
promising direction in the case of uncalibrated multi-view tracking.

1.3 Main contributions

The contributions of this thesis are consistent with the logical flow of the chapters. The first
contribution is the sparse sampling framework for multi-view object segmentation. Its objective
is to address the segmentation problem while avoiding the drawbacks of standard approaches.
This framework can be applied in different contexts (different appearance models and modali-
ties). The results we obtained motivated the second contribution where an energy minimization
approach is used to model more complex relationships of the multi-view segmentation problem.
Finally, because of the natural extension of the graph cut framework to videos, we investigate
the possibility of using motion as a supplementary source of information in multi-view video
sequences.

A more detailed description of the contributions is presented here:

• A framework for multi-view segmentation is proposed based on sparse 3D sampling of the
space. The main contribution at this level is to show the possibility to solve the multi-view
segmentation problem without using dense 3D reconstruction or epipolar geometry. The
segmentation algorithm relies on a generative model for n-tuples. A color n-tuple is a set
of pixel colors associated to the n projections of a 3D point (a 3D sample). Multi-view
consistency is implicit in this color association. A generative model for the n-tuple is pro-
posed to associate their state, ”empty” or ”occupied”, with their color information using
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foreground/background color models. From a technical point of view, model parameters
are estimated using a MAP approach, promoting background models explaining known
background pixels. The estimation algorithm is derived in the most general terms, then
solved for different appearance models and extended to handle other modalities.

• Thanks to the various tests on the sparse 3D sampling framework, a better understanding
of the multi-view segmentation problem is achieved. As a result, a more complex model
is proposed where 3D samples play a key role. In particular, classic constraints from im-
age segmentation are now included as well as more subtle constraints at the geometric
level. At the image level, neighborhood and texture similarity play now an important role
in the iterative process. At the geometric level, the lightweight cost associated with sparse
3D samples allows to use them in modeling subtle relationships of the multi-view seg-
mentation problem. Following these ideas, an energy minimization approach is proposed
where constraints are expressed using a variety of unary and binary energy terms. The
resulting energy is still sub-modular and an s-t graph can be build, where the min-cut will
provide the solution to energy minimization problem. The framework naturally extends to
temporal domain demonstrating the advantages of using a multi-view approach for video
segmentation.

• A preliminary step towards multi-view tracking is proposed, through the usage of self-
similarity matrices as a way to match different tracking hypotheses in different views.
Contribution at this level is to show the interest and the possibility to use only motion
for tracking, making it possible to address challenging situations where camera calibra-
tion is not present. Originally proposed for frequency analysis, then used in multi-view
video synchronization and action recognition, self-similarity matrices are used in this the-
sis in an energy minimization approach to address hypotheses validation in uncalibrated
tracking scenarios.

1.4 Publications

• Sparse Multi-View Consistency for Object Segmentation Abdelaziz Djelouah, Jean-
Sébastien Franco, Edmond Boyer, François Le Clerc, Patrick Pérez. Accepted at IEEE
Pattern Analysis and Machine Intelligence.

• Segmentation Multi-vues par Coupure de Graphes Abdelaziz Djelouah, Jean-Sébastien
Franco, Edmond Boyer, François Le Clerc, Patrick Pérez. RFIA 2014 - Reconnaissance
de Formes et Intelligence Artificielle, 2014.

• Multi-View Object Segmentation in Space and Time Abdelaziz Djelouah, Jean-Sébastien
Franco, Edmond Boyer, Francois Le Clerc, Patrick Pérez. ICCV 2013 - IEEE Interna-
tional Conference on Computer Vision, 2013.

• Modélisation Probabiliste pour la Segmentation Multi-vues Abdelaziz Djelouah, Jean-
Sébastien Franco, Edmond Boyer, Francois Le Clerc, Patrick Pérez. ORASIS 2013 -
Congrès des jeunes chercheurs en vision par ordinateur, 2013.
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• N-Tuple Color Segmentation for Multi-View Silhouette Extraction Abdelaziz Djelouah,
Jean-Sébastien Franco, Edmond Boyer, François Le Clerc, Patrick Pérez. ECCV 2012 -
12th European Conference on Computer Vision, 2012.



Chapter 2

State of the art - Multi-view
segmentation

In recent years, configurations including multiple cameras have gained interest and many re-
search works have targeted reconstruction [21], tracking [22], motion analysis [23] and action
recognition [24]. For all these applications, the identification and extraction of foreground ob-
jects is a key element. Usually, standard monocular methods are used, with manual interaction or
a well-controlled capture environment. In this chapter we present a review of various segmenta-
tion techniques, from seminal monocular methods to more recent research work addressing the
multiple views or multiple images segmentation. The work presented in this thesis is mainly
concerned with the two-class foreground/background segmentation. Consequently, we focus
more in this chapter on methods addressing binary segmentation in the images. State of the
art in multi-class segmentation is also mentioned, as it is closely related to binary segmentation
where it can be used as a preprocessing step [25].

In monocular scenarios, the object to segment is not clearly defined and monocular segmentation
methods rely on a user interaction [3, 26, 27] to have some prior information. The objective is
usually to separate the image into foreground/background regions using active contours, that
will align with image strong edges [26, 28], or using a Markov Random field [3, 27]. Other
approaches try to identify similar regions in the image [29–32] with the idea of obtaining a
coherent over-segmentation into different objects or object parts.

In multi-camera setups, monocular segmentation techniques are still widely used. To avoid the
burden of manual segmentation on multi-view video sequences (it is not rare to see several
minutes sequences with more than 16 cameras), research teams resort to automatic background
subtraction techniques. However these methods are generally limited to well controlled envi-
ronments where segmentation results can be of satisfying quality. Given this particular context,
it is clear that the problem of multi-view segmentation offers great potential to make the best
use of its particular constraints. Zeng et al. [33] first proposed a method with the clear objective
of multi-view object segmentation. Many works [1, 34–37] since followed this first attempt to
solve the problem, with the common objective of expressing segmentation constraints from the

10
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multi-view geometry. This state of the art in multi-view segmentation is reviewed in detail in
section 2.3.

More recently, the idea of using appearance cues from multiple images to perform segmentation
has emerged with the seminal work of Rother et al. [38]. This category of works is driven
by the idea that the presence of the same object in different images should be helpful in the
segmentation task. Originally based on a strong assumption of color similarity, this subject
has seen many developments [39–41] tackling more complex scenarios with a wide variety of
approaches, which are detailed in section 2.2. Still this category is intrinsically restricted to
appearance-based cues or very limited shape similarity constraints that do not correspond to the
multi-view segmentation problem, as we show through the comparative studies in this thesis.

2.1 Monocular segmentation

Many approaches exist to monocular object segmentation, which is one of the most studied
problems of computer vision. With the earliest works dating back to 1970 [4, 5, 42], the state
of the art in this field is very rich. Consequently, drawing a complete review of monocular
segmentation methods is beyond the scope of this section. Instead we will describe the main
directions and some of the most recent developments.

(a) Segmentation using Snakes [26] (b) Segmentation using level sets[43]

FIGURE 2.1: Example of active contour segmentation methods: (a) Contour is initialized out-
side the object to segment. We can see the difficulty for Snakes methods [26] to handle topo-
logical changes. (b) On the other hand, level set [28, 43] achieve better results with the implicit
representation of the curve.

The first category of work, active contours, relies on the location of boundaries in the image to
identify the object to segment. The Snakes method approach proposed by Kass et al. [26] is an
energy-minimizing spline curve that evolves towards strong edges. It usually relies on a discrete
energy that consists in two terms, called internal spline energy and image-based energy. The
internal spline energy consists in two terms. The first term enforces membrane like behavior,
increasing the total energy as the contour stretches. The second makes the snake behave like
a thin-plate, increasing internal energy as the contour develops more curves. The image-based
energy term of snakes, generally based on gradient, attracts the segmentation toward image
contours with high image gradient. Because of the internal energy terms, regular snakes are
biased toward shrinking and thus, the user input contour is roughly drawn outside the object
to segment. It is also very difficult for snakes to adapt to topological changes, as introducing
more curves increases the total energy. Figure 2.1(a) shows an example of user initialization
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(outside the object to segment) and the resulting segmentation, where we see the difficulty to
adapt topological changes. Finally, snakes are sensitive to he local minimum problem because
of the image-based term based on gradient that can attract segmentation to a strong edge that is
not one of the objects. Intelligent scissors methods [44] try to take maximum advantage of this
user interaction by learning an edge profile from user input and promote similar boundaries in
the following steps. As for snakes, the main limitation of intelligent scissors is the difficulty to
handle topology changes as the curve evolves [45], which may require reparametrization with
drastic shape changes. In the JetStream segmentation method [46], a probabilistic framework
is proposed to take into account constraints based on curvature, corners and parallelism. Based
on sequential Monte-Carlo techniques, this method is able to handle topological changes by
detecting corners in the image and accepting gradient direction changes at these points. Another
approach is to use level set [28] where the zero crossings of a characteristic function define
the curve. Taking an Eulerian approach eliminates the need to parametrize the tracked curve
and makes it very easy to follow topological changes (Fig. 2.1(b)). To avoid local minima,
the method can use energy terms related to image region statistics [43] (e.g., color, texture),
promoting a segmentation that results in statistically consistent inner and outer regions.

Originally optimized with gradient descent techniques, energy minimization problems in seg-
mentation are essentially solved using Markov Random Field (MRF) optimization algorithms.
Boykov and Jolly [47] use a polynomial time algorithm [48] to estimate binary segmentation in
the image (Fig. 2.2(a)). The problem is formulated as the estimation of the max-flow/min-cut in
a source/sink graph (S-T graph). the capacities of the edges depend on color models for edges
linking with terminal nodes and appearance similarity between neighbor pixel nodes. One of
the most famous extension of this work is the GrabCut [3] algorithm where user interaction is
used to specify a bounding box for the object (see Fig. 2.2(b)), then the method iterates between
estimating binary segmentation and updating color models. Many priors can be expressed in
such graph constructions like connectivity [49] or shape [50].

(a) Energy minimization through graphCut [47] (b) Example of Grabcut result [3]

FIGURE 2.2: GraphCut based segmentation: (a) Boykov and Jolly [47] apply the graphcut
method for energy optimization in image segmentation. The estimated cut will label pixels
according to the side they belong to (source/sink). (b) In GrabCut [3], the method is then
extended with an iterative scheme alternating between image segmentation and color model
estimation.

Using quadratic energy terms, segmentation can be expressed as an energy minimization prob-
lem over continuous random fields [0, 1] and solved using linear solvers. Works in this direction
include [51], [52] and [53].

Except some special cases which can be reduced to a multi-terminal min-cut problem, multi-
ple label energies optimization is not as straightforward as in the binary case. In the αβ-swap
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algorithm [54], the idea is to perform a local search on multi-label energies by searching over
all the 2k possible pairs of labels (with k the number of labels). For each pair of possibilities,
the energy is optimized using a graphcut. The α-expansion [55] algorithm is another method
of similar nature, where at each stage, a node is offered the possibility to stay with the cur-
rent label or to switch to a new label α. It is also interesting to point to more recent works
making use of convex-relaxations to obtain figure/ground segmentation [56] or image region
multi-labeling [57].

Another category of monocular segmentation methods is based on split and merge operations
to obtain coherent regions segmentation. Vicent and Soille [32] present a method to compute
watershed in gray scale images. In [31] Arbelaez et al. use maximum oriented energy as a basis
for their oriented watershed transform. Felzenszwalb et al. [58] develop a graph-based merging
algorithm using relative dissimilarity to decide which regions should be merged and Alpert et
al. [30] present a probabilistic merging algorithm based on gray-level and texture similarity.
Some results of different clustering algorithm are presented in Fig. 2.3.

(a) Watershed based segmentation [31]

Input 
images

Region
merging

Normalized
cuts

Mean
shift

(b) Examples of image mode finding approaches from [30]

FIGURE 2.3: Splitting and merging segmentation techniques: (a) The original work [32]
was designed for gray scale images, but this result is from a more recent work [31] which
combines contour detection and region segmentation based on oriented watershed. (b) This
figure from [30] shows results of their approach based on region merging with comparisons
with state of the art normalized cuts and mean shift.

Some methods propose to directly reason on pixel features (e.g., color, texture) to identify the
clusters of the distribution, expecting that each cluster represents a meaningful segment of the
image. Image distributions are usually described using k-mean or a mixture of Gaussians model



Chapter 2. State of the art multi-view segmentation 14

[59]. In [60] a segmentation method for multivariate mixed data is proposed and applied to im-
age segmentation. Instead of explicitly estimating the data distribution, mean shift [61] methods
find the peaks in the high dimensionality data distribution. The function is approximated from a
sparse set of samples by convolving it with a kernel and gradient ascent is used to find the max-
ima. With multiple random initializations of the process, one can expect to find all the maxima
of the distribution. A review of mean shift implementations and applications can be found in
[62].

With the idea of splitting the image into coherent groups or regions, Shi and Malik [29] propose a
method based on spectral clustering. The image can be thought as a graph where pixels are nodes
linked by edges according to the image neighborhood. The edge weights are proportional to
pixel similarity and segmentation is obtained by finding the minimal cut that separates pixels into
distinctive subgraphs. The normalized cut is proposed to avoid cuts isolating single superpixels,
by looking for collection of edges that are relatively weak to all edges inside a subgraph. Finding
the optimal normalized cut involves solving a large eigenvalue problem which can be quite slow
and Sharon et al. [63] adopt a coarse to fine approach to accelerate the computations.

All the methods presented so far rely on user interaction to identify the object of interest or limit
themselves to clustering pixels into “coherent” image regions, but some works have also been
undertaken to overcome this limitation by taking into account object saliency [64]. Different
methods exist to estimate this visual saliency based on color, contrast [65] or patch analysis [66].
The main idea is that salient objects consist of coherent regions that usually have an appearance
different from their surrounding regions. These methods provide interesting results; however,
due to the possible complex and varying lighting condition in real-world sequences, they may
not succeed in producing the correct object proposals.

Instead of identifying the visually salient object, Endres et al. [67] try to propose a larger variety
of object proposals and rank them according to their diversity. As one may expect, this represents
a valuable input for a segmentation algorithm, as it is shown in [68].

One last aspect in monocular segmentation that has not been discussed yet is the use of temporal
information when working with video sequences. We draw a short list of such methods, but this
point is discussed in more details in chapter 5.

Among monocular segmentation techniques used in controlled multi-camera setups, background
subtraction is one of the most important. These methods reason at a per-pixel level, assuming a
fixed or constant-color background has been observed with little corruption by foreground ob-
jects [69]. A number of such techniques also account for temporal changes of the background
[70, 71]. The main advantage of these methods is computational efficiency, however the associ-
ated assumptions about background are often too strong to deal with general environments.

The huge amount of work done in monocular segmentation represents a solid base on which
multiple images and multi-view segmentation methods build their particular specificities and
we show in next sections how similarity of appearance and geometric constraints are used to
address more specific situations.
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2.2 Cosegmentation

It was first coined in the seminal work of Rother et al. [38] as the simultaneous binary seg-
mentation of the common parts in an image pair. It is a more recent subject than multi-view
segmentation and it corresponds to a different set of hypotheses. The idea here is to lever-
age the assumed appearance similarity of some of the object parts between images (Fig.2.4
for an example) to improve segmentation results and overcome the typical errors of automatic
monocular methods [72]. To this end, a generative model is proposed yielding an MRF energy
function that includes a histogram matching cost for the shared foreground objects. However,
this term depends on global properties of the segmentation, making the optimization problem
not tractable and only an approximate solution is found through iterated graph-cut schemes,
namely, a submodular-supermodular procedure [73] and Trust Region Graph Cuts [38]. In the
same spirit, Mukherjee et al. [74] seek to match the histograms of the matched regions with an
objective function comprising MRF terms and a penalty term on the sum of squared differences
of foreground region histograms. After linearization and adjustments, the relaxed linear problem
is optimally solved with a solution consisting of only {0, 1/2, 1} values.

FIGURE 2.4: Example of cosegmentation result from [38]

Instead of penalizing the variation of appearance models between the common objects, Hochbaum
and Singh [75] propose to reward the consistency of the two foreground histograms. The ob-
jective is to simplify the underlying optimization problem by using an MRF energy where it is
more gainful to label two similar pixels as foreground. Similarity is expressed as being part of
the same histogram bin and the minimization problem can be solved efficiently by the construc-
tion of an s,t graph and solving the max-flow min-cut problem.

Other methods also compare color histograms in different ways to achieve cosegmentation [76]
and use additional features such as SIFT and texture descriptors [40]. Chang et al. [77] use visual
saliency [65] to identify objects segments, defining the notion of co-saliency. Alternatively,
discriminative clustering techniques can also be used, as in [78].

Cosegmentation has clear applications in interactive graphics as has been investigated by Batra
et al. [79], with their interactive segmentation method for related images. The main argument
is that unsupervised cosegmentation methods rely on high variability of background regions be-
tween the different images, which does not correspond to many situations that naturally arise
in practice (Fig. 2.5). In this work, the user is asked to define the foreground, and the com-
mon appearance information is used to improve the segmentation. A key element of the pro-
posed approach is the recommendation system for user interaction, highlighting image regions
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FIGURE 2.5: Cosegmentation and reconstruction example with user interaction [82]

where information input would be most profitable. Other examples of cosegmentation applica-
tions include the reconstruction of 3D models of individuals [80] (with user interaction) and the
recognition of people wearing the same clothes [81].

As noted by Vicente et al. [39], cosegmentation increasingly refers to a diverse set of assump-
tions and application scenarios, such as user-guided segmentation of large sets [79] or segmen-
tation of object classes rather than a particular instance [83]. In their work [39], Vicente et al.
focus on object cosegmentation, i.e “things” (such as car) as opposed to “stuff”(such as grass).
To achieve a certain level of versatility, the proposed method is based on training a random for-
est classifier on the appropriate dataset. Reasoning is not anymore performed on pixels or image
regions, but on segmentation candidates obtained from [84], and the problem is formalized as
a labelling problem in a complete graph. Each image is a node that can have as many labels as
segmentation candidates. Pairwise terms encode how similar and how close to ground-truth the
to proposals are and an exact A∗-search algorithm is used for inference.

A key assumption of this family of methods is the observation of a common foreground region or
object sharing appearance properties, versus a background with higher variability across images.
To circumvent this problem, Rubio et al. [41] rely on graph matching between different images
(see Fig. 2.6(a)) to propagate consistent labelling: the problem is defined in terms of an energy
minimization on a two-layered Markov Random Field composed of region and pixel nodes. The
proposed energy includes terms enforcing coherent segmentation between different scales (pixel
and regions) and between different images through terms defined by matching region graphs
for pairs of images. The method iterates between segmentation and appearance model update,
where “objectness” [85] plays a key role in the initialization step. Reasoning at different image
segmentation layers is also used in [86] where spectral clustering is used to identify shared
foreground regions (cosegmentation) and background regions. The proposed graph includes
intra- and inter-image affinity edges based on region descriptors.

In a recent work, Faktor et al. [88] try to address more complex situations where there seems
to be no simple model common to the objects: different colors, poses and shapes. To this end,
the authors propose a framework where the foreground segments (image regions) are the ones
“well composed” from other images and rely on [89] and [90] to identify non-trivial image parts
occurring in different images and infer statistically meaningful affinities.

Another category of methods relies on shape similarity, assuming that segmentations only differ
by a rigid body transformation [91]. Similarly, Dai et al. [87] propose an unsupervised learning
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(a) Cosegmentation with region matching[41] (b) cosegmenation using shape similarity[87]

FIGURE 2.6: Example of different segmentation approaches from state of the art: (a) In [41]
region matching is used to perform segmentation. (b) In [87] cosegmentation is performed by
the identification of a codebook of deformable shape template shared by the images.

framework for cosegmentation and “cosketch”. Here, cosketch refers to the identification of
a codebook of deformable shape templates shared by the images (Fig. 2.6(b)). Cosketch and
cosegmentation assist each other to achieve better results.

Despite their somewhat different goal, namely image sequence segmentation, Nieuwenhuis et
al. [92] relate their work to cosegmentation. The conservation of the relative size of object parts
is used in a Bayesian framework for multi-region cosegmentation based on convex relaxation
techniques from multi-label segmentation.

To sum up, research work in cosegmentation consists in a wide variety of methods that try to
leverage cues from different images of the same object to perform segmentation. Essentially
based on appearance cues [38, 40, 76–78], the main idea is to identify the visually similar object
in the different views. Some of them make also use of geometric cues like [87, 91] where
the object shape is matched across images up to a simple transformation. All these methods
provide a very interesting view on the segmentation of an object from multiple images based
on appearance similarity hypotheses. It means that co-segmentation methods have different
application scenarios and they are not designed to handle the multi-view segmentation problem,
where drastic variations in the shape and appearance can be observed. In this case, 3D geometry
consistency is the main constraint for the segmentation. In the next section we will review in
detail multi-view segmentation methods.

2.3 Multi-view segmentation

Multi-view segmentation is the identification and the segmentation of the object simultaneously
observed by a set of calibrated cameras. Unlike monocular approaches that essentially rely
on user input and cosegmentation methods that use the similarity of appearance between the
images, works in multi-view segmentation mainly use geometric constraints.

The first category of works in this topic has as primary objective the 3D reconstruction. Consis-
tent silhouette segmentation is obtained as a byproduct, generally by reprojecting the estimated
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FIGURE 2.7: With an occupancy grid for multi-view fusion [93] some silhouettes errors can
be corrected. We note however the aliasing effect of such methods (see text for more details).

3D reconstruction. These approaches rely either on the silhouette consistency of the visual
hull [93, 94] or on the photo-consistency of the photo-hull [95]. They assume some initial
knowledge about foreground or background appearance, formulating the problem as a purely
geometric extraction.

Snow et al. [94] try to do a voxel-based 3D reconstruction of the object. To identify foreground
voxels (occupied voxels) an energy minimization framework is proposed based on silhouette
consistency and solved using graph-cut. In [93] the 3D object is described using an occupancy
grid and Franco and Boyer provide a forward sensor model expressing the relationship between
the causes, i.e. grid occupancy, and the observations, i.e. silhouettes in the images. The pro-
posed Bayesian framework takes into account voxel states, silhouettes, color information and
possible errors on calibration or mis-detections. The joint probability of all problem variables is
computed, decomposed and then simplified. Using Bayes’ rule, the probability distribution of
voxel occupancy state is inferred. Interestingly, the resulting estimation relates directly pixels’
color information to grid voxel occupancy. Once the occupancy grid is estimated , segmentation
in the images can be corrected by projecting back the 3D model in the images (see Fig. 2.10).

(a) (b)

FIGURE 2.8: Variational approaches to the multi-view segmentation problem: (a) shows dif-
ferent input images (with user interaction) and the resulting 3D shape from [2]. (b) User in-
teraction is also used in this example from [96], which extends the previous work addressing
more specifically the multi-view segmentation problem.

In the same spirit of multi-view information fusion, Kolev et al. [2] propose to reason on a voxel
grid to estimate the 3D shape of the objects from user interaction in one view. User scribbles on
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foreground and background regions allow to model appearance as a multivariate Gaussian. The
probability of occupancy for each grid voxel is given as follows

Pobj(x) =

n∏
i=1

P (Ii(x)|x ∈ obj)

Pback(x) = 1−
n∏
i=1

(1− P (Ii(x)|x ∈ back))

(2.1)

where the probability of a voxel x to be part of the object Pobj(x), is estimated as the joint
probability of color values Ii(x) (i.e. the colors at the projection of the voxel x in each view i)
to be part of the foreground multivariate Gaussian distribution. However, the probability to be
background is estimated by reverting foreground evidence with respect to background model, to
avoid explicit estimation of voxel visibility. The surface of the object is estimated on this grid
by convex relaxation techniques with established algorithmic and convergence properties when
color models are known. The segmentations are obtained by projecting back the surface in the
images (Fig. 2.8).

Some methods choose to build an explicit dense shape estimate, additionally re-estimating the
parameters of color distributions of foreground and background regions, usually leading to com-
plex and computationally intensive pipelines [97–99]. Contrary to the previously mentioned
methods, they address both segmentation and reconstruction but still with the idea of obtaining
the segmentation by projecting the 3D model in the images.

FIGURE 2.9: Graph structure proposed by Campbell et al. [97] with results on multi-view
dataset. We can see the initialization using the fixation condition, the evolution of segmentation
in the first row and object probability map in the second row.

Campbell et al. [97] rely on a volumetric graphcut and fixation condition (Fig. 2.9). The main
assumption is that the object is entirely seen by each camera and is more or less in the center
of the images. This assumption is used to have an initial estimate of foreground color model.
Multi-view information fusion is done at voxel level. An energy minimization framework is
proposed to estimate object/non-object voxels:

Etotal = λEvol + (1− λ)Eboundary (2.2)
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The boundary energy term Eboundary introduces a higher cost for labelling neighboring voxels
differently if they project in image regions of similar appearance. The volume term Evol is the
energy term that relates color models to the probability of labelling a voxel x as foreground (part
of the object):

Pobj(x) =
1

n

n∑
i=1

Nobj(Ii(x))

Nobj(Ii(x)) +Nback(Ii(x))
(2.3)

which is a view normalized “classification probability” that depends on foreground/background
appearance models Nobj and Nback. This doesn’t correspond to a mathematically sound proba-
bilistic model, but rather to a classification cost based on per view color models. The algorithm
alternates between this energy minimization step and the update of color models. The same
iterative process is proposed in [98] but a background model has to be learned beforehand and
fusion is performed following the model from [93]. Finally, Gallego et al. [99] use both voxel
grids and surface estimation to get the reconstruction and the segmentation. Similar to [36], a
graphcut is used to minimize a labelling energy on the voxels where a voxel is more likely to be
occupied if it projects on foreground region in “many” views. The object surface is estimated
on this grid and silhouettes are obtained by projection in the images.

FIGURE 2.10: Results for multi-view segmentation method [33]: The different views are
successively considered and at each stage image regions not corresponding to the current visual
hull estimate are segmented as background.

The problem of multi-view foreground segmentation is increasingly addressed as a stand-alone
topic and several methods have been proposed to segment an object seen in multiple views. Zeng
et al. [33] first proposed a method based on classifying superpixel regions. Object silhouettes
are identified as the union of a set of superpixel patches. To get the desired set of foreground
patches, the silhouette extraction procedure iterates between an estimation of 3D shape as the
intersection of visibility cones of the current segmentations and the elimination of patches not
coherent with the resulting visual hull (Fig. 2.10). While original, the proposed solution makes
deterministic, hard decisions on patch labels and may diverge in case of any classification error.

Reinbacher et al. [96] raise interesting questions about 3D dense approaches for multi-view seg-
mentation. In particular, the fact that to segment accurately an object that projects in a region
of size n × n one would require a dense grid of n3 voxels, which becomes rapidly infeasible
for n � 500. Despite these interesting remarks, they still rely on the same dense framework
proposed in [2] and extend it to address more specifically the multi-view segmentation prob-
lem. The reasoning on voxel labelling is the same (Eq. (2.1)). The main difference appears at
the segmentation step where silhouettes are not estimated using the object surface but by pro-
jecting voxel probabilities in the images an performing segmentation independently for each
view (Fig. 2.8).



Chapter 2. State of the art multi-view segmentation 21

(a) (b) (c) (d) (e)

FIGURE 2.11: Lee et al. [34, 35] (a) use the calibrated input image to estimate (b) the common
visibility volume that is used as initialization for the background regions. The method iterates
between color model update and (c) segmentation using appearance and geometric constraints.
At convergence (d) Segmentation is refined by including foreground appearance model. (e) We
can also see foreground probability related to the silhouette calibration ratio [100].

Still very close to 3D reconstruction, Lee et al. [34, 35] focus on probabilistic occupancy along
viewing lines. Iteratively, all the images are considered and for each image an MRF energy
accounting for geometric and photometric constraints is minimized. The per view MRF energy
includes a classical Ising term between pixels but more importantly a data term that depends
on the probability of pixels to be foreground or background. Background probability is esti-
mated with color models whereas foreground probability computation is based on the silhouette
calibration ratio [100]. It is a 3D consistency measure based on the intersections between the
viewing ray at each pixel and the current silhouette viewing cones. The resulting foreground
probability is shown in Fig. 2.11. This method does not make use of any dense representa-
tion but it is not computationally efficient, due to the calibration ratio which requires to do the
segmentation in the views sequentially. The authors mention a running time of several minutes.

Some multi-view segmentation techniques do not rely on a dense reconstruction of the object
and try to propagate coherent geometric constraint by other means. In a scenario similar to
GrabCut [3], Sorman et al. [101] formulate the problem in a graph cut framework where user
interaction and segmentation is propagated between adjacent views as 2D shape coherence con-
straints. However, this supposes a short baseline and smooth transition of the foreground object
between the views.

Another approach to the multi-view segmentation problem is to consider epipolar geometry as a
way to link segmentation in different views. In [102] the objective is to propagate a user defined
trimap to the different views. The trimap consists of background, foreground and unknown
regions and the alpha matte is obtained using Levin et al. [103] method. To propagate the
trimap labels, both foreground and background models are used but the key element is epipolar
geometry. To label a given pixel in a new view i + 1, the method will base its estimation on
the most similar pixels, among other things, in the corresponding epipolar band in the already
processed view i.

In [37], Campbell et al. use both epipolar geometry and depth information as constraints for
the problem. The images are first over-segmented into superpixels. Segmentation is formulated
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FIGURE 2.12: One way to address the multi-view segmentation problem is to use epipolar
geometry. In their work, Campbell et al. [37] (a) first segment the image into superpixels then
(b) link each superpixel from a given view with the ones on its epipolar line in another view.
(c) The number of superpixels to link with is reduced using depth and color information.

as finding superpixel labels that minimize a classic MRF segmentation energy. The data term
for this energy depends on the estimated foreground/background appearance models. More
interestingly, the pairwise term links superpixels from different views using epipolar geometry
and depth estimation. The strength of these links varies according to the similarity between the
considered superpixels and allows to reduce some of the combinatorial aspects induced by the
point to line match of epipolar geometry (Fig. 2.12). The method relies on the fixation condition
to bootstrap the color model of the object and requires reliable stereo correspondences for good
results.

Multi-view segmentation is also important in the context of free view point videos [19, 104,
105]. In a first work [104], Guillemaut et al. assume the presence of a trimap for each view
with a known background model, and propose to jointly solve for matting and reconstruction
with application to novel view synthesis. In more recent works [19, 105], they address more
challenging situations with an outdoor environment and rely on depth estimation and interest
point matching between views to propagate a coherent segmentation.

FIGURE 2.13: Results from [1] using planar piecewise reconstruction of the scene. Only
planar regions seen by all the cameras are kept and identified as the foreground object.

In a more constrained situation, Kowdle et al. [1] present a method based on stereo and piece-
wise planar reconstruction assuming short baseline viewpoints. A multi-label MRF optimization
is proposed to associate pixels to the set of planes. Small planes are coherently grouped together
to form bigger planar regions. A binary labelling problem is defined on both the regions and the
pixels, where the data term measure the 3D coherence. Since the object of interest is defined as
the object simultaneously seen by all the cameras, coherence is defined as the number of views
that see a given pixel.

Throughout this review of state of the art in multi-view segmentation, it clearly appears that the
main challenge is to find the best way to express geometric constraints to link in a consistent



Chapter 2. State of the art multi-view segmentation 23

way segmentation between the different views. Most of the approaches [36, 96, 98] model these
geometric constraints by building an explicit, dense shape estimate of the object, mainly through
voxel or occupancy grids. The segmentation is obtained by projecting this dense shape in the
images. The work of Reinbacher et al. [96], in parallel to the one in this thesis, already points the
limits of such an approach where any precise image segmentation would require an unreasonable
number of voxels, but this idea is not investigated any further. Other methods make use of depth
information, or epipolar geometry, with clear limitations. Estimating depth is not reliable and
even not possible in many scenarios with a small number of views. Epipolar geometry induces
a point to line relationship which is only manageable in scenarios where image segmentation
is known in certain views [104] or by limiting the number of links to create by using color or
depth information [37]. Again, this implies a similarity of appearance across the views and
the possibility to compute depth information. In a different direction, Lee et al. [35] address
the problem using the silhouette calibration ratio. However, this limits the approach to process
views sequentially.

2.4 Conclusion

In this chapter various state of the art methods in image segmentation were presented. The
related work is classified into three categories according to the initial assumption. The first
category is monocular segmentation where only a single image is available and no particular as-
sumption exists. The corresponding section presented the necessary background with the main
ideas and notions that should be kept in mind while working on image segmentation. These
methods mainly deal with object segmentation, which is the primary concern of the work pre-
sented in this thesis; however, methods addressing pixel clustering or multi-class segmentation
were also mentioned. They represent an important part of segmentation and are often used as a
preprocessing step in many object segmentation algorithms.

The second category, co-segmentation, assumes that several images of an object exist and rea-
sons on appearance similarity to identify the shared object. Despite the various strategies, coseg-
mentation methods do not appear to be fully adapted to the multi-view segmentation problem
where neither object appearance nor shape similarity between the images can be assumed.

Finally, multi-view segmentation concerns the segmentation of an object simultaneously cap-
tured by a set of cameras. Multi-view segmentation methods try to address this issue through
approaches based on geometric constraints. However, the detailed review of these segmentation
methods revealed the clear struggle to express constraints of the problem. In previous work, this
issue was addressed through dense 3D shape representation, complex multi-image relationship
using epipolar geometry or depth information. These approaches represent interesting solutions
and produce good results in their particular context. However, they may not fit the general
case where the color model can be rich and the number of cameras limited. Addressing theses
limitations was one of the main ideas that drove the work presented in this thesis.



Chapter 3

Sparse Multi-View Consistency for
Object Segmentation

3.1 Introduction

The multi-view segmentation problem can be defined as identifying and segmenting the ob-
ject(s) simultaneously seen by multiple calibrated cameras. This problem has gained interest
in recent years with the objective to leverage multiple views cues toward automatic segmenta-
tion. A key issue in that respect and compared to monocular settings is to ensure propagation of
segmentation information between views while minimizing complexity and computational cost.
In previous work, this problem has essentially been addressed through: dense reconstruction of
the object where segmentation is obtained as a byproduct in [2] and [96]; information transfer
between the views using either epipolar geometry [19], stereo information [1] or both [37].

In this chapter, we first discuss the notion of foreground object in multi-view segmentation.
In the state of the art, the existing methods can rely on a fixation condition [37, 97] or user
interaction [2] to define the foreground. Other methods propose less restrictive assumptions [33,
35] that we adopt in this work. These hypotheses lead to a clear definition of the object of
interest, and correspond to a limited set of constraints from appearance and geometry that are
directly used in our framework.

Let’s clarify this point before proceeding to the presentation of the methods developed in this
thesis: Multi-view foreground/background segmentation is to identify and segment the object(s)
entirely seen by all the views in a multi-camera setup. But how to identify this object? let’s
consider the scene in figure 3.1. According to our definition, the foreground object is the plant.
Humans are able to perform this task because they identify all the objects of the scene and
only keep the ones entirely seen in all the images. This reasoning eliminates the table from the
foreground regions, despite the fact that some parts of it are seen in all the views.

In multi-view segmentation, the idea is to take advantage of camera calibration information
to replicate this reasoning, while keeping the complexity of the solution as low as possible.

24
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This means that we do not want to identify all the objects constituting the scene to produce
segmentation. The fixation condition and user interaction can be used but they constitute a
strong a priori on the scene that we would like to avoid (for example, the fixation condition
doesn’t correspond to the situation illustrated in Fig. 3.1).

To address this issue, we adopt a similar approach to some state of the art methods in multi-view
segmentation [33, 35] that consists in using appearance to propagate information about regions
inside a single view. Concretely, if we know the foreground/background state of some elements
of the scene, then the objective is to propagate this segmentation to other parts of the scene (in
the same image) assuming that similar regions are likely to be parts of the same object.

FIGURE 3.1: The multi-view segmentation problem: Given a set of input images of a scene,
we want to identify and segment the object(s) entirely seen by all the cameras. In this case, it
is the plant.

These constraints at image level are very similar to those in image segmentation. However, in
multi-view segmentation there is another dimension that must be taken into account which is
the geometric coherence. The idea is to use calibration information to propagate in a coherent
way segmentation information between the views. The primary objective in this chapter is
the expression of geometric constraints for the segmentation problem. Instead of using dense
reconstruction or epipolar geometry, we propose to use a sparse set of 3D samples to propagate
consistent information on foreground and background color models in the different views. We
describe a new approach, based on a complete probabilistic framework, that allows us to cast
the multi-view segmentation problem as Maximum A Posteriori(MAP) over this sparse set of
3D samples. First presented in general terms in section §3.2, then formally detailed in §3.3,
this method avoids altogether a complete dense representation while encoding the specificities
of the multi-view segmentation problem. A complete evaluation is performed in section §3.6,
including comparative results with state of the art monocular and multi-view methods.
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3.2 Proposed approach

To present the proposed approach, we rely in this section on the toy example of Fig. 3.2. Here
the scene is captured by 3 cameras. The teddy bear is entirely seen by all the cameras at the same
time. If we consider the right-most view, we can see that some parts of the checkerboard are
not present in the other cameras (especially the parts far from the teddy bear that don’t appear
in the closer middle view). Our objective is then to propagate this information, to produce the
segmentation that only keeps the object (teddy bear) with an appearance different from that of
the background (checkerboard).

FIGURE 3.2: Principle of multi-view object segmentation using sparse 3D samples: In this
synthetic scene, the teddy bear satisfies our definition of foreground object and should be the
result of our segmentation method. To identify the foreground region, samples (depicted by
the spheres) are created in the common visibility volume. A sample is labelled as foreground
(blue sphere), if it projects on foreground regions in all the views. In contrast, it is enough for
a sample to project to background in one of the views to be labelled as background. This is the
case here for the red sphere, classified as background as it projects to background in the middle
and rightmost views, even though it projects to foreground in the leftmost view.

In the proposed approach, to avoid using the same constraints as in state of the art methods (e.g.
epipolar geometry, dense reconstruction), we focus on a set of sparse 3D samples of the space
commonly viewed by the n calibrated cameras and considering only the set of colors at the
projections of each sample. The n colors present at pixel projections of a given sample define
a color n-tuple, which is the basic unit of information processed by the method. The spatial
consistency of the foreground across views is expressed using these n-tuples. Since none of the
3D position related information is used (e.g. visibility, neighborhood), reasoning directly on
these n-tuples allows a simpler and clearer framing of the problem. From now on, the terms
sample and n-tuple will be indistinctly used to designate a 3D sample and its corresponding n-
tuple, respectively. A generative model for sample labels is defined from the following intuition
(Fig. 3.2): If a sample is from the foreground object, then all corresponding tuple colors should
simultaneously be predicted from the foreground color model in their respective images. This
sample may not be visible in all the views but it will always project on the foreground region
in the images. Conversely, if the sample is not from the foreground object, then there exists at
least one image where the corresponding sample color should be predicted from the background
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color model in that image. This sample, that projects in a background region in one view, may
project on background or foreground regions.

Let’s consider a sample labelled as background by a view i. It has its corresponding color
predicted from the background distribution in this view i. But the other color components from
the other views can be background or foreground. This means that the color of this sample
for a view j (j 6= i) can not be predicted by background or foreground distributions only.
However, whether it projects onto foreground or background regions in the other views, this
sample will still project inside the image1. This means that this color information from view
j is not randomly sampled in the color space but follows the statistics of the color distribution
in the image. To model this, we introduce the general image distribution for each view that is
used to predict color for a sample when it is classified as background by some other view. This
generative model relates, in a probabilistically sound way, the state of 3D samples with color
models in the images. This a key contribution of this work, as state of the art methods generally
use approximations that are not valid in the Bayesian sense. We note that this is in principle
equivalent to deciding whether the 3D sample belongs to the visual hull of the object [35].

3.3 Probabilistic Model

Let S be the selected 3D sample set. The color n-tuple associated to the sample s ∈ S is
Is1:n = (Is1 , · · · , Isn). Following the intuition presented earlier, n-tuple colors should be pre-
dicted according to the sample state (foreground or background) and the appearance models.
The color n-tuple of a foreground sample (labeled f) is predicted from the shared foreground
appearance model ΘF . On the other hand, a single view i is sufficient to label a sample as back-
ground (label bi). In this case, the corresponding n-tuple color Isi is predicted according to the
view specific color model ΘB

i .

This reasoning is illustrated by the graphical model of Fig. 3.3, where each sample’s color n-
tuple is predicted according to its classification label ks, and to the parameters Θ of the appear-
ance models. The classification label ks is in state space K = {f, b1, · · · , bn}. The parameters
πk’s are the mixing coefficients representing the proportion of samples explained by each hy-
pothesis in K. They act as prior on the classification labels ks. The proposed model can be
viewed as a mixture of foreground-background models on the n-tuples where we try to estimate
sample membership and model parameters.

If we note by

• I = {Is1:n}s∈S the set of image observations,

• K = {ks}s∈S the sample labels,

• Θ the appearance models,
1If this was not the case then this sample is not foreground according to our assumptions and should not be

considered anyway
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FIGURE 3.3: Graphical model: Isi , the color of the projection in the image i of the sample s,
relates color models Θi according to its labelling ks. Parameter πk is the mixture coefficient
(label prior).

• π = {πk}k,∈K the set of mixing coefficients,

our goal is to find the set of parameters Φ = (Θ, π) that maximizes the a posteriori density
given the observations:

Φ = arg max
(Θ,π)

L(Θ, π|I,K)p(Θ, π), (3.1)

where L(Θ, π|I,K) denotes parameter likelihood. The MAP estimation of the parameters using
only the observation is intractable. Therefore, as in other mixture fitting problems, unknown as-
signment labels K will be marginalized out (through EM) rather than explicitly estimated along
with parameters.

Likelihood function. Given variable dependencies defined in our generative model, the like-
lihood function can be rewritten as follows:

L(Θ, π|I,K) = p(I,K|Θ, π) =
∏
s∈S

p(ks, I
s
1:n|Θ, π), (3.2)

where for a given sample s, assuming conditional independence of the observations in each
view, we have:

p(ks, I
s
1:n|Θ, π) = p(ks|π)

n∏
i=1

p(Isi |Θi, ks). (3.3)

Before further developing the proposed probabilistic model, we introduce the notion of region
of interest. Given our assumption of common visibility for the foreground, we limit sample
classification to the 3D volume seen by all the views. This volume can be automatically com-
puted from the common field of views of the cameras [106]. Its projection in each view, the
image region noted RInt

i (see Fig. 3.4), contains all foreground parts. It is the region where the
segmentation is to be estimated.
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Support regions for color 
models

FIGURE 3.4: Support regions for the color models using the assumption that foreground objects
are seen in all images. RInt

i is the projection of the common field of view that includes all
foreground pixels in image i. Pixels in RExt

i are then known background pixels. Color model
ΘB

i is to be learned for background pixels inside RInt
i and ΘF is to be learned for foreground

pixels (shared between the views).

We can now exploit the definition of the foreground introduced earlier to develop the probabilis-
tic model of samples classification labels expressed by (3.3).

(A) A foreground sample projects on foreground regions in all the views. Using the shared
foreground color model ΘF , this translates to

∀i ∈ J1, nK, p(Isi |Θi, ks = f) = p(Isi |ΘF ). (3.4)

The foreground model is defined in general terms. It is a global appearance model for all the
views. This does not imply an assumption of inter-view shared appearance. The idea here is to
take advantage of shared appearance when it exists, without making it a primary assumption.
This point is discussed more in details in the experimental section, including comparisons with
results using a per-view model.

(B) One view is enough to label a sample as background. For a sample s classified as back-
ground for view i (label bi), the i-th color of the n-tuple should be predicted from the back-
ground color model in image i. In the other views j (with j 6= i), this sample can project
in foreground or background regions. If visibility information was available for the sample s,
the color value Isj would be predicted using the appropriate model (foreground or background).
However, computing visibility of samples would require a dense reconstruction of the scene,
which we want to avoid in the first place. In the absence of visibility information, one can still
predict an indiscriminate but correct sample color likelihood for all other views, by assuming it
is drawn uniformly from the color distribution of the region of interest RInt. This encompasses
both background and foreground pixels and can be seen as discounting the exact influence of
the membership status of the sample in all other views than i, as long as view i’s color provides
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the most decisive evidence that the sample belongs to the background:

∀i ∈ J1, nK,

{
p(Isi |Θi, ks = bi) = p(Isi |ΘB

i ),

p(Isj |Θj , ks = bi) = p(Isj |ΘInt
j ),∀j 6= i.

(3.5)

Finally, the term p(ks|π) in Eq.3.3 represents the mixture proportion prior:

p(ks|π) = πks . (3.6)

Prior from known background pixels. If the regions of interest RInt
i contain all foreground

parts, then the complementary regions (noted RExt
i ) are background regions. Thus, an estimate

of background appearance distribution is more likely if it also predicts pixels from outer back-
ground image regions RExt

i .

To use this prior in the MAP approach, and enforce similarity between the distribution of back-
ground pixels and colors in regions RExt

i , with respect to our generative model, we would need
to create 3D samples that project in this region and thus, have a background label. This defines
the following prior over Θ:

p(Θ) =
n∏
i=1

∏
s∈Si

p(Isi |ΘB
i ), (3.7)

where Si ⊂ S is the set of such 3D samples relative to view i, making appearance model {ΘB
i }

more likely if it explains known background samples.

We can express the constraint in terms of pixels, instead of 3D samples:

p(Θ) =
n∏
i=1

∏
p∈RExt

i

(p(Ipi |Θ
B
i ))tp , (3.8)

where Ipi is the color of pixel p in image i and tp is the number of 3D samples projecting onto
this pixel.

Since we do not want to create samples outside the common field of view, we approximate the
value of tp with λi, the mean number of samples projecting on a single pixel in RInt

i . The prior
on the background color distribution is then the following:

p(Θ) =

n∏
i=1

∏
p∈RExt

i

(p(Ipi |Θ
B
i ))λi . (3.9)
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3.4 Estimation Algorithm

The unknown parameters Φ = (Θ, π) are obtained through MAP estimation:

Φ̂ = arg max
(Θ,π)

L(Θ, π|I,K)p(Θ, π)

= arg max
(Θ,π)

∏
s∈S

[ n∏
i=1

p(Isi |Θi, ks)

]
πks ·

n∏
i=1

∏
p∈RExt

i

(p(Ipi |Θ
B
i ))λi ,

(3.10)

where the classification labels ks are treated as latent variables. We use an Expectation-Maximization
algorithm that alternates between:

1. E-step: Computing the expectation of the posterior over the classification variables ks,
given the current parameter estimate Φg = (Θ, π)g;

2. M-step: Estimating the new set of parameters Φ = (Θ, π) maximizing the expected log-
posterior.

We build the E- and M-steps using the expectation of the complete-data log likelihood Q, with
established convergence properties [59]:

Q(Φ,Φg) =
∑
K∈Kn

p(K|I,Φg) logL(Φ|I,K) + log p(Φ). (3.11)

Expanding each term of the sum, we get:

Q(Φ,Φg) =
∑
K∈Kn

[
log(

∏
s∈S

p(ks, I
s
1:n|Φ))

∏
s′∈S

p(ks′ |Is
′

1:n,Φ
g)

]

+

n∑
i=1

λi

( ∑
p∈RExt

i

log p(Ipi |Θ
B
i )

)
.

(3.12)

The term
A =

∑
K∈Kn

log(
∏
s∈S

p(ks, I
s
1:n|Φ))

∏
s′∈S

p(ks′ |Is
′

1:n,Φ
g) (3.13)

can be simplified following [107]. If we noteNS the number of 3D samples, then the sum
∑
K∈Kn

over all possible labellings can be written as the some over label values for samples indexed
from 1 to NS :

A =
∑
K∈Kn

∑
s∈S

log(p(ks, I
s
1:n|Φ))

∏
s′∈S

p(ks′ |Is
′

1:n,Φ
g)

=
n+1∑
k1=1

n+1∑
k2=1

. . .
n+1∑
kNS=1

∑
s∈S

log(p(ks, I
s
1:n|Φ))

∏
s′∈S

p(ks′ |Is
′

1:n,Φ
g)

(3.14)
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In the subsequent developments (equations (3.15) and (3.16)), the objective is to simplify the
expression A to recover the independence between sample labels in the expression of the expec-
tation of the complete-data log likelihood (Eq. (3.12)):

A =
n+1∑
k1=1

n+1∑
k2=1

. . .
n+1∑
kNS=1

∑
s∈S

n+1∑
k=1

δk,ks log(p(ks = k, Is1:n|Φ))
∏
s′∈S

p(ks′ |Is
′

1:n,Φ
g)

=
n+1∑
k=1

∑
s∈S

log(p(ks = k, Is1:n|Φ))
n+1∑
k1=1

n+1∑
k2=1

. . .
n+1∑
kNS=1

δk,ks
∏
s′∈S

p(ks′ |Is
′

1:n,Φ
g)

(3.15)

This expression can be further simplified if we observe that

B =

n+1∑
k1=1

n+1∑
k2=1

. . .

n+1∑
kNS=1

δk,ks
∏
s′∈S

p(ks′ |Is
′

1:n,Φ
g)

=

 n+1∑
k1=1

n+1∑
k2=1

. . .

n+1∑
ks−1=1

n+1∑
ks+1=1

. . .

n+1∑
kNS=1

∏
s′∈S
s′ 6=s

p(ks′ |Is
′

1:n,Φ
g)

 p(ks = k|Is1:n,Φ
g)

=
∏
s′∈S
s′ 6=s

 n+1∑
ks′=1

p(ks′ |Is
′

1:n,Φ
g)

 p(ks = k|Is1:n,Φ
g)

= p(ks = k|Is1:n,Φ
g)

(3.16)
and from A and B we get

Q(Φ,Φg) =
∑
s∈S

∑
k∈K

p(ks = k|Is1:n,Φ
g) log p(ks = k, Is1:n|Φ)

+
n∑
i=1

λi

( ∑
p∈RExt

i

log p(Ipi |Θ
B
i )

)
,

(3.17)

and the new set of parameters is

Φ̂ = arg max
Φ

Q(Φ,Φg). (3.18)

Expectation Step. In the Expectation step, we compute for each sample s ∈ S the probability
of its classification hypothesis ks in the EM Q-expectation (Eq. 3.17):

∀k ∈ K, pks := p(ks = k|Is1:n,Φ
g) =

πgk

n∏
i=1

p(Isi |Θ
g
i , ks = k)

∑
`∈K

πg`

n∏
i=1

p(Isi |Θ
g
i , ks = `)

. (3.19)
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Maximization Step. In this step, we find the new set of parameters Φ̂ that maximizes the
Q-expectation, which can be written as the sum of independent terms

Q(Φ,Φg) =
∑
i

[∑
s

pbi
s log p(Isi |Θi, ks = bi) + λi

∑
p∈RExt

i

log(p(Ipi |Θ
B
i )

]
+
∑
i,s

pf
s log p(Isi |Θi, ks = f)

+
∑
s,k

pks log πk

+constant,

(3.20)

where the constant term holds the contributions of labels bj for j 6= i, which do not depend on
parameters Φ. Each of the other terms can be maximized independently.

The appearance models have been defined in very general terms, and the equations derived so far
are independent of the considered appearance models. We show in the following the derivation
of color model update equations for color histograms. The extension of the model to other color
models is discussed in the next chapter.

Estimation algorithm with color histograms. In this case we use one color histogram in
each view for the background and one shared color model for the foreground. The background
histogram for view i is noted Hi. The shared foreground histogram is noted HF . The re-
gion of interest RInt

i is described by its histogram noted H Int
i . All color models are thus fully

parametrized by Θ = {HF , Hi, H
Int
i |i ∈ {1, · · · , n}}. In this case Θi = {HF , Hi, H

Int
i } and

sample labelling Equations 3.4 and 3.5 become

p(Isi |Θi, ks) =


Hi(I

s
i ) if ks = bi,

HF (Isi ) if ks = f,

H Int
i (Isi ) if ks = bj and i 6= j.

(3.21)

We also note b ∈ J1, BK a histogram bin and Hb the value of b for the histogram H . The
histograms are normalized which means that all bin values sum up to one. In this case, the
previous equation can be written

If Isi ∈ b, p(Isi |Θi, ks) =


Hi,b if ks = bi,

HF
b if ks = f,

H Int
i,b if ks = bj and i 6= j.

(3.22)

with the constraints 

B∑
b=1

Hi,b = 1,

B∑
b=1

HF
b = 1,

B∑
b=1

H Int
i,b = 1.

(3.23)



Chapter 3. Sparse Multi-View Consistency for Object Segmentation 34

Replacing the new sample labelling equations in the Q-expectation expression defined in Eq. (3.20)
we obtain:

Q(Φ,Φg) =
∑
i,b

∑
s∈S:Isi ∈b

pbi
s log(Hi,b) + λi

∑
p∈RExt

i

log(Hi,b)

+
∑
b,i

∑
s∈S:Isi ∈b

pf
slog(HF

b )

+
∑
s,k

pks log πk

+constant.

(3.24)

If we note NExt
i,b the number of pixels from RExt

i inside histogram bin b for view i, then

Q(Φ,Φg) =
∑
i,b

∑
s∈S:Isi ∈b

pbi
s log(Hi,b) + λiN

Ext
i,b log(Hi,b)

+
∑
b,i

∑
s∈S:Isi ∈b

pf
slog(HF

b ).

+
∑
s,k

pks log πk

+constant.

(3.25)

Using the Lagrange multiplier for terms related to πk with the constraint
∑
k

πk = 1, we obtain

the new values for the mixture coefficients (See Appendix A for details):

πk =
1

NS

∑
s∈S

pks (NS : number of samples). (3.26)

Similarly, using the constraints defined in (3.23), solving Φ = arg max
Φ

Q(Φ,Φg) can be shown

to come down to updating bin values as follows for the background:

Hi,b =

∑
s∈S:Isi ∈b

pbi
s + λiN

Ext
i,b

B∑
b′=1

∑
s∈S:Isi ∈b′

pbi
s + λiN

Ext
i,b′

. (3.27)

Likewise, the update equation for the foreground histogram reads

HF
b =

n∑
i=1

∑
s∈S:Isi ∈b

pf
s

B∑
b′=1

n∑
i=1

∑
s∈S:Isi ∈b′

pf
s

. (3.28)

In each case, bin histograms are updated with a participation proportional to background and
foreground label probabilities. We note the important bias added by known background pixels.

The estimation algorithm iterates between the expectation step where label probabilities are
estimated according to equation (3.19) and the maximization step where model parameters are
updated using equations (3.26), (3.27) and (3.28). The convergence is reached when the changes



Chapter 3. Sparse Multi-View Consistency for Object Segmentation 35

in appearance histograms are negligible:

∀i,
∑
b

|Hi,b −Hg
i,b| ≤ ε and

∑
b

|HF
b −H

F,g
b | ≤ ε (3.29)

with superscript g indicating the estimated values at the previous iteration, and ε being the
convergence threshold for histogram bin update.

3.5 Final segmentation

The EM scheme described in the previous sections will converge to an estimate of the color
models for each view and a classification probability table for each sample. The samples would
only yield a sparse image segmentation if their classifications were crudely reprojected. This
is why we use the obtained estimates to build a final dense 2D segmentation of each image,
combining results of sample classifications and color models. Note that this is only required
after convergence in our approach, as opposed to being mandatory in the iterative process with
existing approaches [35, 96]. Segmentation of view i then amounts to assigning to each pixel
p of this image a binary label lpi ∈ {f,b} (foreground or background) according to the current
estimate of the color models Θi and to the set Ξ of projection positions and label posterior
probabilities of all the 3D samples (see Fig. 3.5).

FIGURE 3.5: Relation between variables in the final segmentation problem: lpi , xpi and Ipi are
respectively the binary label, the position and the color value of pixel p in image i. Variable
Ξ stands for the 3D sample positions and associated posterior label probabilities. Variable Θi

represents the foreground/background color model.

While various strategies could be used, we follow [35] and finalize segmentation using a simple
graph cut scheme similar to [27], minimizing a discrete energy in view i:

E =
∑
p

Ed(l
p
i |Ξ,Θi, x

p
i , I

p
i ) +

∑
{p,q}∈Ni

αEs(l
p
i , l

q
i ). (3.30)

The data related term Ed at pixel p depends first, on how likely its color is under color models
obtained for image i. It also depends on how its spatial position xp relates to projections in the
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image of the set of softly classified 3D samples:

Ed(l
p
i |Ξ,Θi, x

p
i , I

p
i ) = − log(p(xpi |Ξ, l

p
i )p(I

p
i |Θi, l

p
i )), (3.31)

where p(xpi |Ξ, l
p
i ) acts as prior from 3D samples. To this end, we define µS the mean distance

between neighbor samples in 3D. This distance (Fig. 3.6) is used to define the radius of influence
µiS of each sample in view i.

In 2D: Distance between pixel 
           and sample projection 

Camera

Foreground
sample

Neighbor
sample

Image 

In 3D: Mean distance between neighbor samples
           and its projection in the image 

FIGURE 3.6: Sample projection in the final segmentation.

If we note distis(p) the distance between a pixel p in view i and the projection of a sample s,
then

p(xpi |Ξ, l
p
i ) =


max
s∈S

distis(p)≤2µiS

2µiS − distis(p)

2µiS
pf
s if lpi = f

cst if lpi = bi

(3.32)

• In the case lpi = f , it is inversely proportional to the distance to the closest projection of a
foreground sample. This allows a smooth projection of inferred foreground information.

• In the case lpi = b, this probability is constant (0.8 in our case, to avoid penalizing fore-
ground labelling, the probability value of which is rarely equal to 1).

The second term p(Ipi |Θi, l
p
i ) is based on the foreground or background histograms previously

obtained:

p(Ipi |Θi, l
p
i ) =

{
Hi(I

p
i ) if lpi = b,

HF (Ipi ) if lpi = f.
(3.33)

The second energy termEs in (3.30) enforces the smoothness over the setNi of neighbor pixels.
It can be any energy that favors consistent labelling in homogeneous regions. In our implemen-
tation we use a simple inverse distance between neighbor pixels. A final remark is the possible
inter-view inconsistencies in segmentation details due to the view-independence of segmenta-
tions in this final step.
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Dataset max. view User Comparison with
number interact. GrabCut multi-view

Arts [108] 16 3

Martiaux
Bear[1] 15 3

Bike[1] 35 3

Bust[109] 26 3

Couch[1] 11 3 3

Car[1] 44 3

Pig[2] 27 3 3

Rabbit[2] 27 3 3

TABLE 3.1: The different calibrated multi-view datasets used. For each one, we indicate the
original number of views, the comparison we performed and if user interaction was needed.
Multi-view segmentation methods we compare with are [1, 2, 35, 96].

3.6 Experimental results

In this section we present segmentation results of the proposed method on various calibrated
multi-view datasets summarized in Table 3.1. These datasets are used by state of the art methods
in multi-view segmentation. Some of them correspond to captures in constrained environments
such as Arts Martiaux, Pig and Rabbit. We will see that despite the relative simplicity of these
datasets, monocular methods do not produce good results. Bear and Couch correspond to more
realistic scenarios but are still relatively simple. The color information is not very rich and there
is a limited ambiguity between foreground and background objects. The rest of the datasets are
more challenging and already correspond to complex scenarios. The plane based reconstruction
method [1] achieves good results, but many points of view are necessary to estimate depth
information.

The objective of the experiments presented here is twofold: first, validate the n-tuple approach
and, second, perform a comparative study with both monocular and multi-view segmentation
approaches to show the improvements over the state of art. We also design some experiments
to further investigate the sensitivity of the n-tuple model to the number of samples and to the
number of viewpoints.

We use joint HSV color histograms, with B = 323 bins. Samples in S are drawn from the
common visibility domain of all cameras. This defines a bounding volume that is used to define
regions RInt

i in each image i and to find a first set of background pixels, but the method is also
entirely compatible with user inputs. For our initial experiments, we used a regular 3D sampling
with about N = 503 samples. All the labels are set to the same probability for all the samples
and we start the iterative process by a maximization step. We run our algorithm on a 2.5 GHz
Intel Xeon PC with 12GB RAM, using a sequential C++ implementation.
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3.6.1 Case study

To have a better understanding of the proposed algorithm prior to the evaluation, we propose
a detailed study on the Bust dataset. This dataset consists in 26 views around a statue in a
generic indoor environment. Results (Fig. 3.7) on this dataset raise interesting questions whose
responses clarify some aspects of the proposed model.

Using calibration information, a bounding box of the common visibility volume is computed.
Projected in the images, this common visibility volume defines the regions: RInt containing the
foreground object and RExt defining the prior on background models. Samples are then created
inside the common visibility with labels set to foreground with probability pf

s = 0.8.

The algorithm starts with a maximization step and Fig. 3.7 shows the iterative process that leads
to the segmentation. Convergence is reached in 5 iterations. For each step we show samples
labelled as foreground with a high probability pf

s > 0.8 along with pixel level segmentation.
The pixel level segmentation is only necessary at convergence, but it is estimated here to give an
insight on the expected results.

One of the advantages of the proposed estimation algorithm is the fact that no hard decision is
taken at any time. This means that samples once labelled as background with high probability,
can be relabelled foreground during convergence if this is consistent in all the views.

What is foreground? Given the input images (Fig. 3.7) one would expect to see the table and
the black box segmented as foreground since they are seen by all the cameras. However, we
should recall the foreground definition used in this work: The foreground object is the object
seen by all the cameras with appearance different from background. Thus, the numerous black
elements in the background prevent the black pedestal from being segmented as foreground.
Likewise for the table that matches the cabinet (Fig. 3.8) and which is not entirely seen by all
the cameras. Finally, using a shared color model for the foreground doesn’t imply an assump-
tion of inter-view shared appearance. The idea here is to take advantage of foreground shared
appearance when it is verified, without making it a primary assumption of the approach. Assum-
ing a shared appearance for the object of interest is a much stronger assumption and is unlikely
to work in the multi-view context. The head is the first example of this: it has very limited
shared appearance across the views (due to illumination differences) but it is still identified as
a foreground object. The second example is the black base which has more similar appearance
across the views, but it is nonetheless labelled as background.

Necessity of the final segmentation step. The result of the proposed iterative process is an
estimate of sample labelling and foreground/background color models. However, the obtained
appearance models can be ambiguous (Fig. 3.8). This can be explained by a more precise anal-
ysis of the background update equation (3.27). Models for view i are updated according to the
label probability pbi

s for the sample. Depending on the number of views and the discriminative
power of each of them, this probability can be very small and the participation to the correspond-
ing histogram bins very limited. In Fig. 3.8 we show foreground samples in green and samples
labelled by the current view as background in purple (pbi

s is the highest). These samples have a
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Iteration 2 Iteration 3 Convergence
Input Images Samples Segmentation Samples Segmentation Samples Segmentation

FIGURE 3.7: Intermediate results of the algorithm on the Bust dataset (n = 13 views) with
NS = 50000 samples. Green dots indicate the projection of the 3D samples from set S with
high foreground probability (pfs > 0.8). Segmentation at each iteration is performed using the
method described in §3.5. These intermediate segmentation results are used to study algorithm
convergence (Fig. 3.13).

Input Samples Foreground Final
image at convergence color model segmentation

FIGURE 3.8: Illustration of the final segmentation step (§3.5) on the Bust dataset. In the second
column we show foreground samples (in green) and samples labeled as background by the
current view (in purple). Despite the correct labelling of foreground 3D samples, the obtained
color models are still ambiguous (third column): white pixels indicate pixels most likely to
be foreground. This demonstrates the necessity of the final segmentation step leveraging 3D
sample positions and appearance models.

clear participation in the appearance models of the view, but it is less obvious for the other sam-
ples (labelled as background by the other views but not shown here). This explains the obtained
color models at convergence and the necessity to perform a final segmentation step, leveraging
sample positions and color models.

3.6.2 Qualitative validation

For all the datasets, we show the foreground samples at convergence and the segmentation re-
sults. The method performs almost perfectly on the Bust, Couch and Bear datasets (Figs. 3.7,
3.9(a) and 3.9(b)). It can handle multiple foreground objects as in the Arts Martiaux dataset.
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(a) Couch dataset: 10 views - Runtime ≈ 15s

(b) Bear dataset: 10 views - Runtime ≈ 15s

(c) Car dataset: 14 views - Runtime ≈ 30s

(d) Bike dataset: 11 views - Runtime ≈ 20s

FIGURE 3.9: Results on datasets from [1]. We show (green dots) the projection of samples
with high foreground probability (pfs > 0.8) at convergence, and final segmentation.
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FIGURE 3.10: Results on Pig and Rabbit [2]: The user indicates the background region in
one view (red stroke). Green dots indicate the projections of samples with high foreground
probability (pfs > 0.8) at convergence. The last column is the final segmentation.

On Car and Bike (Fig. 3.9(c) and Fig. 3.9(d)), with significantly fewer points of view than
state of art approaches, we achieve results of comparable quality. However in some views,
the foreground/background color models are more ambiguous and this affects the segmentation
results. This point is discussed in more detail in §3.8.

Although our method proposes an automatic initialization, we can also incorporate user interac-
tion. For example, on the Rabbit and Pig datasets the shadow on the ground is also seen by all
the views and falls within our definition of the foreground. As in [2], user interaction is needed
to resolve ambiguities. Typically with our method, one stroke in a single view is sufficient to
propagate information to other views (Fig. 3.10).

To demonstrate the advantages of using a multi-view approach, we compare our approach with
the OpenCV [110] implementation of GrabCut [3]. The GrabCut algorithm is initialized with a
region of size equivalent or smaller than the region of interest used by our method. The results
(Fig. 3.11) show that in a monocular approach, it is hard to eliminate background colors that are
not present outside the bounding box. In contrast, our approach benefits from the information
of the other views and provides a correct segmentation.

Input images GrabCut 2 views 4 views 10 views

FIGURE 3.11: Comparison with GrabCut [3] monocular approach and influence of the number of
views on our segmentation results on Art martiaux and Couch datasets. The green box is used only
with GrabCut. This box is always smaller than the one obtained from the common visibility volume
bounding box used by our method.
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Dataset Mean Error Hit Rate False Alarms
(%) (%) (%)

Bust 0.2± 0.1 99.4± 0.01 0.7± 0.3

Arts Martiaux 0.5± 0.2 97.5± 0.3 2.7± 1.4

Couch 1.2± 0.8 97.0± 2.8 0.1± 0.1

Bear 2.7± 1.5 94.5± 3.0 7.0± 9.0

Car 2.8± 0.8 98.8± 0.8 16.7± 8.8

Bike 2.4± 1.1 96.7± 2.1 25.0± 13.3

TABLE 3.2: Full evaluation of the proposed approach on the different datasets.

3.6.3 Quantitative evaluations

In this section we propose a quantitative evaluation of the proposed method, based on three
performance metrics [35]: mean error, which gives a global measure of segmentation errors; hit
rate, which indicates the proportion of well segmented foreground; and false alarm rate, which
indicates the proportion of background segmented as foreground. Denoting W a

b the subset of
pixels from the set a ∈ {F,B} (foreground or background) in the ground truth that are labelled
as b ∈ {F,B} by our segmentation, and N(W a

b ) its cardinal, the performance metrics are
defined as follows:

Mean Error =
N(WB

F ) +N(WF
B )

Number of pixels
, (3.34)

Hit Rate =
N(WF

F )

N(WF
F ) +N(WF

B )
, (3.35)

False Alarms =
N(WB

F )

N(WB
F ) +N(WB

B )
. (3.36)

We also define

Accuracy = 1−Mean Error, (3.37)

Missed Rate = 1− Hit Rate. (3.38)

A full quantitative evaluation of the method is proposed in Table 3.2. The mean and standard
deviation are computed on segmentation results for all the views.

Shared vs. per-view foreground model. In the original version of this work [108], we
adopted a reasoning similar to the segmentation method proposed by Pham et al. [111] where
foreground and background color histograms were considered as view dependent and comple-
mentary. Actually, this choice proved to be less efficient because this assumption of color dis-
similarity is not always verified, especially when working with outdoor datasets with richer
colors (see §3.7). Using a shared appearance model for the foreground object biases density
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Our Method Djelouah Kowdle Vicente
(a) (b) [108] [1] [39]

Couch
7 10 10 10 not

98.7± 0.9 98.8± 0.8 98.8± 0.8 99.6± 0.1 available

Bear
5 15 15 15 not

97.3± 1.3 97.3± 1.5 98.8± 0.4 98.8± 0.4 available

Car
11 44 44 44 44

97.4± 0.8 97.2± 0.8 ∗ 98.0± 0.7 91.4± 4.3

Bike
11 35 35 35 35

97.4± 1.5 97.6± 1.1 ∗ 99.4± 0.4 88.9± 6.3

TABLE 3.3: Comparative results, using the proportion of correctly labelled pixels in the image
(Accuracy in %). For each dataset, the number of views used is indicated. Our method is tested
with various number of views (see text for details on the experimental protocol). Column (a)
indicates the minimum number of views needed for our method to give reasonable results.
Column (b) indicates the results obtained using all the views. The symbol ∗ indicates that the
method failed to segment the object).

estimation toward the object if the considered colors are present in multiple images. This is
verified by the quantitative evaluation of table 3.3.

Number of views. We also study the influence of the number of views used (Table 3.3 and
Fig. 3.12) on four different datasets: Bear, Couch, Bike and Car. For a given number of views
n, we randomly select nwidespread views among those available in the dataset and compute the
segmentation. This test is performed 10 times for each number of views and the mean Accuracy
is estimated. Using more views improves the segmentation results. However, contrary to [1],
using one third of dataset views is enough to produce good segmentation results (Table 3.3). We
would like to emphasize the challenging nature of color ambiguities between foreground and
background in Car and Bike datasets.

Convergence of EM. As a fully derived EM, our model converges to a local minimum. Our
experiments show that silhouette-consistent objects (whose appearance is strongly different from
the initial partial background) are strong easily reached minima (Fig. 3.13). The algorithm con-
verges in 6 iterations for the considered datasets and even in 2 iterations for configurations such
as Couch and Bear.

Complexity and number of samples. Each iteration complexity is linear in the number of
samples and views, with running time of a few seconds (see Fig. 3.9 for details), whereas [1]
indicates 2 minutes processing time on a single image due to the piece-wise planar depth map
estimation and [35] indicates several minutes.

Grid based methods [2] and [96] show the same complexity properties but, as discussed in [96],
the number of voxels is a key factor in the quality of segmentation: for an image resolution
M ×M a grid of N = M3 voxels must be used to achieve pixel level precision. This becomes
quickly unfeasible and, to circumvent the problem, they propose to perform segmentation at
image level instead of directly taking grid projection. Still, the two methods rely on the same
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FIGURE 3.12: Evolution of segmentation results (using Accuracy) according to the number of
views used.

FIGURE 3.13: Convergence study: Mean error rate and hit rate (with confidence intervals)
on Bust, Arts Martiaux, Couch and Bear. For all the datasets, convergence is reached in 6
iterations. Only 2 iterations are needed for simpler scenarios like Bear and Couch.

framework, using approximately 3003 voxels and achieving reasonable runtime only through a
GPU implementation. Thus, our method based on sparse sampling of the space, presents a key
improvement over voxel based methods.

Fig. 3.14 shows Missed rate values for different numbers of samples on three datasets. Such a
random draw in the limited range of 203 ∼ 503 samples was enough to converge to a correct es-
timation of color models. This reflects directly on the processing time. For example, on the Bust
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FIGURE 3.14: Results with different numbers of 3D samples. The missed rate is used as the
error measure (lower is better).

dataset our non-optimized C++ implementation performs the segmentation in 10s, while [96] re-
port 5s with a highly optimized GPU implementation. We also note that our method is entirely
compatible with a GPU implementation (highly parallel E- and M-steps). This would drastically
reduce processing time and would be extremely beneficial when extending the method to video
sequences.

3.7 Discussion

The proposed model is built on the assumption that foreground and background objects have a
different color appearance. This explains the results on Bust (Fig. 3.7) where the black objects
in the background prevent the black base from being segmented as foreground. This assumption
also implies that the foreground and background color models must be discriminative enough.
This condition is hardly met when working on outdoor datasets. For example the Car and Bike
datasets from [1] are really challenging due to the color ambiguity between foreground and
background. The approach of [1] benefits from the short baseline between the views, which is
used to estimate depths and more precisely a plane based reconstruction (Fig. 3.15).

This situation is even more clearly illustrated on the Plant dataset where only the green leaves
are segmented as foreground. Indeed, the blue elements in the background induces a strong bias
to label the blue pot as background despite the face that it is seen in all the views.

Another point to discuss is the final segmentation. As explained in section §3.5, various strate-
gies can be used. In some cases, using a graph cut is not the best choice, especially when the
object has thin parts. This shrinking bias is a known issue of graph-cut based methods [49] and
Fig. 3.17 illustrates such a situation, where the samples are correctly labelled but the graph cut
segments the thin parts as background. This leads to view inconsistent segmentations in the
final step. An approach to solve this problem, using the same final graph-cut based segmenta-
tion, would consist in definitely setting foreground label for pixels at the projection of the most
probable foreground samples.
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(a) (b) (c) (d)

FIGURE 3.15: On the Car and Bike datasets, we can see the advantages of using the depth
map (column b) in the method proposed by Kowdle et al. [1] (column c). Our method relies
only on color information (column d).

Input image Segmentation

FIGURE 3.16: Segmentation results on Plant dataset: because of the blue elements in the
background, only the green leaves are segmented as foreground.

3.8 Conclusion

In this chapter the sparse 3D sampling framework for multi-view segmentation was presented.
We argue that the approach presented here avoids the typical shortcomings of previous state of
the art methods; in particular, it successfully embeds the multi-view consistency in the proposed

FIGURE 3.17: Results on the Chair[1] dataset (using 4 views). Green points indicate projection
of samples with high foreground probability. The last column is the final segmentation, with
thin legs being lost while they were correctly labelled at the sparse samples level.
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n-tuple formulation. The generative model is probabilistically sound and allows coherent proba-
bility estimation for foreground and background labels from appearance models. This generative
model was used in an effective expectation maximization scheme, with good results on state of
the art datasets, notably using fewer viewpoints than state of art methods.

Despite its major strengths, the method still exhibits difficulties in challenging situations where
the foreground/background dissimilarity assumption is not met. To further investigate the po-
tential of the n-tuple model, we will show in the following chapters how different color models
or modalities such as depth can be naturally integrated.



Chapter 4

Extension to other color models and
others modalities

4.1 Introduction

In the previous chapter, a multi-view segmentation method was presented based on a sparse
sampling of the 3D space. The interest of the method was shown both at the modelling level,
through the sound probabilistic model that coherently labels 3D samples using estimated ap-
pearance models, and at the computation level, through the expectation maximization estima-
tion algorithm that efficiently solves for foreground/background model estimation and sparse
3D samples labeling. It was also clearly shown that a sparse sampling approach allows us to ex-
press multi-view consistency constraints at minimum cost, while achieving better or equivalent
results than state of the art multi-view segmentation methods.

In this chapter, the advantages of the proposed sparse 3D sampling scheme for multi-view seg-
mentation are further explored. We show the flexibility of the proposed generative model by
exploring both a different appearance model for foreground and background based on a Gaus-
sian Mixture Model (GMM), and the usage of depth information when available. First, we
demonstrate that Gaussian mixture models can be seamlessly used in our generative model.
Using such models allow for better propagation of appearance models. The results obtained
show, however, that despite their better representative power, the obtained segmentation quality
doesn’t justify the increased computation time required to process the GMM update. In the case
of depth information, we adapt the proposed generative model to account for the presence of
this extra information. We discuss the possible ways of using this extra information and how it
improves segmentation results.

Exploring these two directions permits a better understanding of the advantages of the current
approach but also reveals the limitations that should be addressed and provides directions for
improvement that are further explored in the course of this thesis.

48
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4.2 Multi-view Segmentation with GMMs

In image segmentation research work, the two most widely used approaches to model appear-
ance are histograms [38, 75, 112] and GMMs [3, 113]. Histograms are usually used with the
objective of fast and easy representation of appearance statistics and as an approximation of the
probability density function for image regions colors. An interesting direction was proposed
in [112], where the assumed complementary nature of the foreground and background was used
as a driving constraint for segmentation and foreground/background color model updates. This
complementary nature of foreground and background appearances has inspired the first model
we proposed during this thesis [108] (see the discussion in the previous chapter for more details).

Gaussian mixture models are able to represent arbitrarily complex probability density func-
tions [114]. GMMs are also useful for representing patch-wise shapes of images and clusters.
However, some problems usually arise when selecting the number of components: with too
many components, the mixture may over-fit the data and with too few components, the mixture
may not be flexible enough to approximate the true underlying model. Some very important
work in segmentation [3, 113] relies on this tool with good results. The Gaussian mixture model
hypothesis is also used in multi-view segmentation [2, 96]. Usually, estimating a Gaussian mix-
ture model is done using the expectation maximization algorithm as way to conduct Maximum
Likelihood (ML) estimation. In the context of segmenting a single image, a fixed low number of
mixture components is usually enough to achieve reasonable results. With a limited number of
components, the GMM will not properly fit the actual underlying density distribution. It is not
a crucial issue in the monocular case since we are more interested in modeling the difference
in the probabilities between the possible labels rather than perfectly fitting the density function.
However, in the context of multi-view segmentation, labeling 3D points relies on the fusion of
information from different views and it is of fundamental importance to correctly approximate
the different probability density functions. Using point estimate methods like the EM algorithm
requires a good prior on the number of mixture components. In the general case, cross-validation
techniques are used to identify the best number of components [114, 115]. Just using a large
number of components is not a good solution in this case, as it quickly leads to over-fitting and
singularity problems. This issue is mentioned by Kolev. et al. [2], where only a single Gaussian
is used to approximate foreground and background distributions. Reinbacher et al. [96], while
extending the work in [2], do not provide details on how the over fitting problem is addressed.

In this section, we show how variational inference techniques can be used to estimate Gaus-
sian mixture models of foreground and background in the context of the generative model pro-
posed in the previous chapter. By using variational inference methods, we avoid typical over
fitting problems due to incorrect number of mixture components that arise in classic maximum-
likelihood point estimation like EM [116].

4.2.1 Variational mixture of Gaussians

The estimation of a variational mixture of Gaussians is a classic case study in Bayesian infer-
ence. This section presents the main ideas developed in [59, 107, 116] which we will build on
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later to estimate foreground/background appearance in the multi-view segmentation generative
model. The classical mixture of Gaussians model is usually described by the graphical model in
Fig. 4.1.

FIGURE 4.1: Graphical model representing the relationship between the different variables
in a Gaussian mixture model. Values of parameters µl (mean), Σl (covariance matrix) and
πl(mixture proportion) of the L components of the mixture, are estimated using the expectation
maximization algorithm.

The data set of observations {x1, ..., xNs} is assumed to be generated by one of the L compo-
nents of the mixture. The latent variable zs, associated to each observed data point xs, indicates
which component (with mixing coefficient πl, mean µl and covariance matrix Σl) is responsible
for this observation. The corresponding log-likelihood function is

log p(X|π, µ,Σ) =
∑
s

log

( L∑
l=1

πlN (xs|µl,Σl)

)
. (4.1)

In this scenario, the expectation maximization algorithm is usually used to find the maximum
likelihood solutions, and results in an estimation algorithm that iterates between an expectation
step (E Step), where the posterior probabilities for each possible value of the latent variables
zs is computed, and a maximization step (M Step), where models are updated according to
previously estimated probabilities. The expectation step corresponds to

p(zsl) = p(zs = l|X,π, µ,Σ) =
πlN (xs|µl,Σl)

L∑
j=1

πjN (xs|µj ,Σj)

. (E Step) (4.2)

The new model parameters are estimated as follows:

πnew
l =

Nl

Ns
=

Ns∑
s=1

p(zsl)

Ns
, (M Step for mixing coefficients)

µnew
l =

1

Nl

Ns∑
s=1

p(zsl)xs, (M Step for mean values)

Σnew
l =

1

Nl

Ns∑
s=1

p(zsl)(xs − µnew
l )(xs − µnew

l )T . (M Step for covariance matrices)

(4.3)
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As pointed by Bishop [59], applying the maximum likelihood approach to the mixture of Gaus-
sians has several problems due to the presence of singularities such as components collaps-
ing into specific points. To circumvent this sort of problems, we adopt a variational inference
method.

We first describe the variational inference in the general case. If we consider the set of vari-
ables X and the set of unknown parameters and latent variables Z, then the probabilistic model
specifies the joint distribution p(X,Z) and the goal is to approximate the posterior distribution
p(Z|X) and model evidence p(X). If we introduce a distribution q(Z) over the set of unknown
variables, then

log p(X) = L(q) + KL(q||p) (4.4)

with

L(q) =
∑
Z

q(Z) log

(
p(X,Z)

q(Z)

)
KL(q||p) = −

∑
Z

q(Z) log

(
p(Z|X)

q(Z)

) (4.5)

From the properties the Kullback-Leibler divergence we can show that KL(q||p) ≥ 0 and thus
L(q) is a lower bound on log p(X). We can maximize this lower bound by optimizing with
respect to q(Z). In this case, it is equivalent to minimizing the Kullback-Leibler divergence,
which vanishes when q(Z) equals the posterior distribution p(Z|X).

In variational inference, the distribution p(Z|X) is supposed to be intractable, but considering
only a limited family of distributions q(Z) of simpler form, we try to find the closest to the true
posterior distribution. The limitation is imposed to achieve tractability, and there is no over-
fitting issues with a higher flexibility since this will only result in a better approximation of the
posterior.

We will not present the detailed derivation of inference equations, but only the main ideas.
If we assume a particular model, where the latent variable set Z consists of M disjoint and
independent groups. Then, the distribution q(Z) can be factorized as follows:

q(Z) =
M∏
i=1

qi(Zi). (4.6)

We use this factorization in the expression of L(q). If we consider the particular set Zj , we can
look for the optimal solution for the distribution qj(Zj) while keeping all the other distributions
{qi 6=j(Zi)} fixed. The general expression of the optimal solution q?j (Zj) is

log q?j (Zj) = Ei 6=j [log p(X,Z)] + const. (4.7)

This solution depends on the expectation computed over the other factors qi 6=j(Zi) and therefore
to find all the solutions, these factors are first initialized with an appropriate solution, then an
iterative process cycles through all the factors, replacing each one of them with the updated
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value. In the equations derived so far there is no limitation on the form of the factors qi(Zi), but
to keep the model tractable they are usually restricted to a certain family of functions.

In the case of Gaussian mixture model, we use a conjugate prior distribution over the model
parameters. A Dirichlet distribution over the mixing coefficient π with normalized constant
C(α0) is used

p(π) = Dir(π|α0) = C(α0)
L∏
l=1

πα0−1
l (4.8)

and a Gaussian-Wishart prior on the mean and precision of each component

p(µ,Λ) = p(µ|Λ)p(Λ) =

L∏
l=1

N (µl|m0, (β0Λl)
−1)W(Λl|W0, ν0). (4.9)

For the sake of simplicity, we use precision matrices instead of covariance matrices (Λl = Σ−1
l )

and the parameters of the Gaussian-Wishart distribution are set according to available prior
information on mean values and precision matrices. Otherwise the least informative priors are
used. In this work, we use the notations and expressions for the different distributions as defined
in [59].

FIGURE 4.2: Graphical model representing the relationship between the different variables in
a Bayesian Gaussian mixture model. Here we consider a Gaussian-Wishart prior on mean and
covariance matrix. This prior implies a link between the covariance matrix and the mean as
illustrated by the extra arrow not present in classic GMM (Fig. 4.1).

The relations between the variables in the Bayesian mixture of Gaussians is described in Fig. 4.2.
Following this model, the joint distribution is

p(X,Z, π, µ,Λ) = p(X|Z, µ,Λ) p(Z|π) p(π) p(µ|Λ) p(Λ). (4.10)

The variational distribution over the set of latent variables and model parameters is

q(Z, π, µ,Λ) = q(Z) q(π, µ,Λ) = q(Z) q(π)
L∏
l=1

q(µl,Σl). (4.11)

Using this decomposition with the general result of Eq. 4.7, the update equation for the factor
q(Z) can be derived as follows

log q?(Z) = Eπ[log p(Z|π)] + Eµ,Λ[log p(X|Z, µΛ)] + const. (4.12)
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Since the labels zn are independent for each data point xn

log q?(Z) =

Ns∑
s=1

L∑
l=1

zsl log ρsl, (4.13)

where for a D dimensional data variable x:

log ρsl = E[log πl] +
1

2
E[log |Λl|]−

D

2
log(2π) +

1

2
Eµl,Λl

[(xs − µl)TΛl(xs − µl)]. (4.14)

Each label zsl has an expected value

E[zsl|all the rest] = rsl =
ρsl
L∑
j=1

ρsj

. (4.15)

As already mentioned, this optimal solution log q?(Z) depends on the other variables and the dif-
ferent equations must be solved iteratively. Before estimating the optimal solutions log q?(π, µ,Λ)

we define the quantities

Nl =

Ns∑
s=1

rsl

x̄l =
1

Nl

Ns∑
s=1

rslxs

Sl =
1

Nl

Ns∑
s=1

rsl(xs − x̄l)(xs − x̄l)T ,

(4.16)

and the optimal solution for the other variables is a Dirichlet distribution for q?(π)

q?(π) = Dir(π|α1, ..., αL) with αl = α0 +Nl, (4.17)

and a Gaussian-Wishart distribution for each component

q?(µl,Λl) = N (µl|ml, (βlΛl)
−1)W(Λl|Wl, νl), (4.18)

with
βl = β0 +Nl

ml =
1

N
(β0m0 +Nlx̄l)

W−1
l = W−1

0 +NlSl +
β0Nl

β0 +Nl
(x̄l −m0)(x̄l −m0)T

νl = ν0 +Nl.

(4.19)

We note that the derived estimation algorithm is closely related to the expectation maximization
and involves cycling between two steps. The first where the expectation for each data label
E[znl] is estimated using Eq. 4.15 and the second where the variational distribution of the pa-
rameters is updated using Eq. 4.17 and Eq. 4.18.
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4.2.2 Color GMM as appearance model for multi-view segmentation

The sparse multi-view segmentation model described in chapter 3 was presented in very general
terms. A generic appearance model set Θ was used to describe both foreground and background
and the maximum a posteriori estimation algorithm was derived according to this generic defi-
nition up to the resulting equations for both the expectation step (Eq. 3.19) and the maximization
step (Eq. 3.20).

In this section, we describe how to integrate Gaussian mixture models to model foreground and
background appearance. The Bayesian variational inference technique presented earlier is used
to estimate color models for foreground and background. First, we update the probability density
function in sample labeling equations Eq. 3.4 and Eq. 3.5. The density functions corresponds
now to the mixture of Gaussian distributions. Each color value Isi is predicted according to

p(Isi |Θi, ks) =



L∑
l=1

πBi,lN (Isi |µBi,l,ΣB
i,l) if ks = bi,

L∑
l=1

πFl N (Isi |µFl ,ΣF
l ) if ks = f,

L∑
l=1

πInt
i,lN (Isi |µInt

i,l ,Σ
Int
i,l ) if ks = bj and i 6= j,

(4.20)

where each density is estimated according to the L components. Each component follows a
Gaussian distribution N (x|µi,l,Σi,l) with mean value µi,l and covariance matrix Σi,l. The pro-
portions of the components in the mixture are πi,l.

The parameters related to the general image models, µInt
i,l , ΣInt

i,l and αInt
i,l , are constant. They

are estimated once in a preprocessing step following the variational inference described in the
previous section. However, the foreground and background models have to be estimated at each
iteration. We posit the existence of a label for each observation, whose value informs us which
components generated the considered observation. Using the variational framework, updating
color models can be shown to be similar to the steps of the previous variational inference for
Gaussian mixture model. The difference lies in the extra terms corresponding to sample label
probabilities and the bias from known background pixels.

Background color models The objective is to find for each view i the new set of parameters
that maximizes the corresponding term in Eq. (3.20):

Gi =
∑
s∈S

pbi
s log p(Isi |Θi, ks = bi) + λi

∑
p∈RExt

i

log(p(Ipi |Θ
B
i )). (4.21)

If we note by xis the color information associated to each sample s in view i (xis = Isi ,∀ s ∈ S)
and component parameters for the background model of view i as µil = µBi,l and Λil = (ΣB

i,l)
−1

,
then using Bayesian estimation results in the same equations for the optimization over the labels
as derived in Eq. (4.7), replacing only the general data variables like xs and zsl by their view
dependent equivalent xis and zisl.
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The only difference appears at the update step for color models that accounts for sample back-
ground probabilities. More precisely, it will affect the quantities defined in Eq. (4.16) as follows:

N i
l =

∑
s

pbi
s r

i
sl + λi

∑
p∈RExt

i

rpl,

x̄il =
1

N i
l

(
∑
s

pbi
s r

i
slx

i
s + λi

∑
p∈RExt

i

rplI
p
i ),

Sil =
1

N i
l

(
∑
s

pbi
s rsl(x

i
s − x̄il)(xis − x̄il)T + λi

∑
p∈RExt

i

rpl(I
p
i − x̄l)(I

p
i − x̄l)

T ),

(4.22)

with rpl = E[zpl|all the rest] which is the expected value of the binary variable zpl indicating if
the pixel p is generated by the component l.

Foreground color models As for background models, the objective is to find the new set of
foreground parameters that maximizes the corresponding term in Eq. (3.20):

F =
∑
i

∑
s

pf
s log p(Isi |Θi, ks = f). (4.23)

Using the same simplified notation as for the background model estimation, we end up with the
same equations for the foreground case. The optimization over the labels results in the same
equation as in the general case (Eq. (4.7)), but the optimization over color model induces the
following changes in the quantities defined in Eq. (4.16):

Nl =
∑
i

∑
s

pf
sr
i
sl,

x̄l =
1

Nl

∑
i

∑
s

pf
sr
i
slx

i
s,

Sl =
1

Nl

∑
i

∑
s

pf
srsl(x

i
s − x̄l)(xis − x̄l)T .

(4.24)

These equations show that in both cases, foreground and background model update, the impor-
tance of color data information is proportional to the probabilities obtained at n-tuple level. We
also note the participation of known background pixels inducing a bias toward a model explain-
ing these image regions.

4.2.3 Results using Bayesian Gaussian mixture model

In this section we present segmentation results of the proposed variational approach on the
multi-view datasets. The objective is to validate the extension of the proposed sparse sampling
framework to more complex models. We also compare the variational approach with the his-
togram based method presented in Chapter 3. We use the same datasets: Arts Martiaux, Bear,
Couch, Buste, Bike and Car. In the previous chapter, we used histograms of size 323 on the
HSV color space. Here we use the variational GMM approach with 500 components on the
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Lab color space. We use the same experimental protocol presented in chapter 3. Samples in S
are drawn from the common visibility domain of all cameras. This defines a bounding volume
which is used to define regions RInt

i in each image i and to find a first set of background pixels.
We used a regular 3D sampling with about N = 503 samples. All the labels are set to the
same probability for all the samples and we start the iterative process by a maximization step.
We run our algorithm on a 2.3 GHz Intel Xeon PC with 32GB RAM, using a sequential C++
implementation.

Qualitatives observations. The main advantage of using Gaussian mixture models is to have
a better approximation of distribution functions. In histogram based models, the bin discretiza-
tion stops information propagation between similar color if they belong to different bins. This
is not the case, with Gaussian distributions. The main improvement we expect from the new
model using variational GMMs is a better propagation of background color information. This is
verified in most of the datasets as is illustrated in figure 4.3.
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FIGURE 4.3: Comparison between GMMs and histogram color models for multi-view seg-
mentation with 3D samples: we can see the advantages of using GMM as background propaga-
tion is more effective. However, this can result in under segmentation of the foreground object
as for the bike.

In figure 4.3, we can see that background information is better propagated with GMMs as color
models. On the Bear dataset, the shaded region of the couch near the teddy bear is now correctly
segmented as background. We observe a similar result on the Bike and Car datasets, where the
ground regions are more accurately labelled. In general, this behavior of GMMs is beneficial to
the segmentation when there is a clear difference in foreground and background general appear-
ances. However, with more complex scenes (Bike dataset for example), the foreground object
is usually under-estimated. This can be observed on the segmentation image of the Bike (see
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Dataset Mean Error (%) Hit Rate (%) False Alarms (%)
GMMs Histograms GMMs Histograms GMMs Histograms

Bust 0.4± 0.2 0.2 ± 0.1 98.7± 0.9 99.4 ± 0.01 0.2 ± 0.1 0.7± 0.3
Arts Martiaux 0.6± 0.4 0.5 ± 0.2 97.4± 0.7 97.5 ± 0.3 0.4 ± 0.46 2.7± 1.4
Couch 0.6 ± 0.1 1.2± 0.8 98.7 ± 0.2 97.0± 2.8 0.2± 0.1 0.1 ± 0.1
Bear 1.9 ± 0.4 2.7± 1.5 91.8± 2.2 94.5 ± 3.0 0.2 ± 1.9 7.0± 9.0
Car 2.8± 1.4 2.8 ± 0.8 93.9± 2.3 98.8 ± 0.8 2.2 ± 1.9 16.7± 8.8
Bike 1.9 ± 0.4 2.4± 1.1 77.9± 10.0 96.7 ± 2.1 0.3 ± 0.4 25.0± 13.3

TABLE 4.1: Full evaluation of the proposed approach on the different datasets. Best results
are indicated in bold font. The GMM based approach produces better segmentation results. It
particularly allows a smoother propagation of color information than when using histograms.

Fig. 4.3) where the bottom part of the tires is incorrectly labeled as background. This is further
verified and discussed in the quantitative evaluation.

Quantitative evaluation. In this part, we perform the full evaluation of multi-view segmen-
tation using GMMs as color models. We use the measures presented in Chapter 3: Mean Error
(Eq. 3.34), Hit Rate (Eq. 3.35) and False Alarms (Eq. 3.36). For the comparison, we used all
the views and the same number of samples. The results are summarized in Table. 4.1. For each
dataset and measure, the best result is indicated in bold.

The quantitative evaluation is in line with the previous qualitative observations. Segmentation
using GMMs as appearance models allows a better propagation of background regions and, as
expected, performs best on the False Alarms measure. In general, both GMMs and histograms
achieve close values on the Hit Rate measure except on complex datasets like Bike and Car.
Here the histogram version performs better but only because larger regions around the object
of interest are incorrectly segmented as foreground. To summarize, multi-view segmentation
using GMMs achieves similar or better results than the histogram version (see Mean Error
in table 4.1). The method is, however, similarly sensitive to appearance ambiguities between
foreground and background objects.

Importance of using many components. Usually, the critical point in using GMMs is the
appropriate selection of the number of components. Using a variational approach alleviates the
need to tune this parameters for each dataset. Given any number of components, the method
automatically adapts the model parameters to best approximate the probability distributions,
avoiding singularities. The Arts Martiaux dataset is a good illustration of this (Fig. 4.4). Despite
the relatively limited colors present in the scene, the method is not able to achieve good segmen-
tation results with 50 Gaussian components. To avoid preselecting the number of components
to use for each dataset, the method is initialized with a large number (500) that is the same for
all datasets, achieving better results (See Fig. 4.4).

If the segmentation results are of better quality using GMMs, this comes at a cost. The process-
ing time and the amount of memory needed to process GMMs updates is very large. With our
unoptimized sequential c++ implementation several hours are needed to process each dataset.
Clearly, the segmentation results obtained do not justify the increased computation. Moreover,
we lose the main advantage of using a sparse sampling approach.
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Input Segmentation with Segmentation with
image 50 components 500 components

FIGURE 4.4: Using the appropriate number of components is fundamental to obtain a good ap-
proximation of the probability density functions for foreground and background models. Using
a variational approach, it is possible to set a high number of components and the method auto-
matically adapts the parameters to best approximate the probability density function, avoiding
singularities.

4.2.4 Discussion on using GMMs

We have seen in this first part, how the model can be extended to GMMs using a variational
approach. Segmentation results are improved thanks to the smooth nature of Gaussian models,
contrary to the histogram version. However, the computation time is greatly increased, leading
to hours of processing time for all the datasets. This is due to the extra iterative process needed
to update color models, adapting the components to the new probability values.

The limited improvement in segmentation results does not justify the huge computations needed
by this more complex model. These results motivated the exploration of other means of repre-
senting complex appearance models that would be compatible with the low complexity of the
sampling approach. They also motivate the extension of the sparse sampling approach to the
case of range cameras, presented in the following sections.

4.3 Multi-view Segmentation with range cameras

In recent years there has been a fast growing interest in hybrid multiple camera systems using
depth information alongside color, thanks to the emergence of new sensors such as Time of
Flight (ToF) cameras and affordable new mass-produced technologies such as Kinect. Depth
sensors have been used in conjunction with color imaging in monocular setups [117, 118]. This
raises a number of interesting questions. Given the availability of affordable multi-view, multi-
modal platforms, can we make good use of the depth modality to improve multi-view segmen-
tation? Can we use multiple depth and color cameras from different viewpoints to improve over
monocular depth-color or color only segmentation? One could expect the different modalities
to be complementary and compensate for each other’s defects, e.g. enabling to disambiguate
ambiguous color regions.

In this section we try to address these questions by extending the sparse multi-view consistency
model to handle depth information, enabling us to test different expressions of the modality fu-
sion and quantify each. We demonstrate, in §4.3.3, how depth can be included in the generative
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model, to provide fast elimination of 3D regions that appear empty according to the depth sen-
sor. We then show various experiments quantifying the benefits of using depth information, in
conjunction with different color representation possibilities. We also show the improvement of
using multi-view depth-color segmentation with respect to a state-of-the-art monocular depth-
color segmentation approach (§4.3.4).

4.3.1 Related work

A number of works have investigated using several depth cameras in conjunction with color cam-
eras, targeting improvements in 3D surface reconstruction. Guan et al. [119] propose a prob-
abilistic framework to volumetrically fuse depth and silhouette information. Kim et al. [120]
propose a similar approach, this time adding a photoconsistency term, with the goal of improv-
ing multi-view stereo with depth information. Although in some cases it might be possible to
extract segmentations from the surface representation, clearly the aim of these works is 3D re-
construction: they do not specifically address how the different depth and color cues could be
combined directly and efficiently for the purpose of reliably improving the segmentation in all
views, as proposed in this thesis.

As opposed to the multi-view case, single-view segmentation has been investigated in several
works, which consider depth measurements in conjunction with color measurements, to address
foreground-background color ambiguity, lighting changes and occlusion. This was first exper-
imented with stereo data [117], optimizing segmentation with color and depth region disconti-
nuity terms. The technique obtains depth from binocular stereo, but similar techniques emerged
for depth imaging. For complete automation, the methods usually need to introduce additional
information defining the object of interest. A typical assumption is to identify front-most depth
regions as the object of interest, for simple extraction scenarios such as videoconferencing. This
can be enforced using a depth threshold [121], or by considering two depth distributions for
foreground and background [118]. This implies that the methods only work for good depth
separation. In [122] user input is required and a segmentation manually defined in the first and
the last frame, is propagated using information from different modalities (e.g. range cameras,
thermal camera).

To the best of our reading, no method has yet considered to model the case of multiple depth and
color cameras for the segmentation problem. We will show that in this case, only weaker priors
are needed to isolate objects of interest automatically, enabling to address more general setups.
In particular, we are able to extract segmentations even when there is no clear depth separation
between foreground and background - typically when the object of interest rests on another flat
object such as a table (§4.3.4). Also, as opposed to monocular setups [118], the depth and color
cameras need not be placed or rectified to a single viewpoint: our model deals with arbitrary
depth and color camera setups.
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4.3.2 Principle

Range cameras provide measurements of the distance between the sensor and the scene objects.
Even though these measurements are often noisy and sometimes locally inaccurate, they are
informative of space occupancy in the scene and, in that respect, provide useful cues for the
classification of samples in the presented framework.

Consider a sample s and a given range camera. Let ds be the known ground truth distance of s to
the center of this camera, zs the depth provided by the range sensor in corresponding direction
and dmax the maximum depth range. As identified by Guan et al. [119], the information that can
be inferred on the occupancy of s by a foreground object depends on the relative values of ds
and zs (See Fig. 4.5):

• zs > ds: the sample is not occupied and should be classified as background.

• zs ' ds: this configuration corresponds to the highest probability that the sample is
occupied by a foreground object.

• zs < ds: the sample lies behind an occluding object on its line of sight, nothing can be
inferred about its occupancy.

Depth Camera

Solid surface

no information

(c)

(b)

(a)

FIGURE 4.5: Depth sampling situation on one projection line. Red dots indicate possible
sampling positions: (a) Depth measure is higher than sample distance to the camera (zs > ds).
(b) Depth measure corresponds to sample position (zs ' ds). (c) Depth measure is lower than
sample distance (zs < ds).

These considerations should drive the choice of the space occupancy model from the depth ob-
servations and in some configurations, we may want to modulate the behavior of the algorithm
in order to better adapt to the semantics of the scene. Consider for instance a scene with a can
lying on a table. Though the table is a solid object inside this common visibility volume, because
a significant part of the table lies outside of the common viewing volume, we may want the al-
gorithm to single out only the can as foreground (See Fig. 4.9(a) for an example). We will show
in the next sections that our modeling framework allows us to force either of these behaviors
(select the table as foreground or background), by selecting an appropriate probabilistic model
for space occupancy from the depth observations.
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4.3.3 Depth-sensor enabled model

Let m be the number of depth maps and zsj the depth information associated with sample s in
depth map j. We propose a new graphical model (Fig. 4.6), where the color tuple Is1:n and the
depth reading vector zs1:m of each 3D sample s ∈ S are predicted according to its classification
label ks with priors πk and the global color models Θi.

FIGURE 4.6: Graphical model for color and depth: the generative model for color Isi and
depth observations zsj is conditioned on the samples labels ks.

Posterior distribution. Given the model, our goal is to find the parameters that maximize
the a posteriori density given the observations. Noting Z = {zs1:m}s∈S , the likelihood function
(Eq. 3.2) becomes:

L(Θ, π|I, Z,K) = p(I, Z,K|Θ, π)

=
∏
s∈S

p(ks, I
s
1:n, z

s
1:m|Θ, π),

(4.25)

with:

p(ks, I
s
1:n, z

s
1:m|Θ, π) = p(ks|π)

n∏
i=1

p(Isi |Θi, ks)
m∏
j=1

p(zsj |ks), (4.26)

where color distributions p(Isi |Θi, ks) are defined by (3.21) and depth distributions p(zsj |ks) will
be defined below.

Estimation. We follow the same EM scheme as in §4.2 to solve this MAP problem with latent
variables. The main difference will appear at the expectation step (Eq. 3.19), where the new
update of sample label posterior includes depth information:
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p(zsj |ks = `)

] . (4.27)
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FIGURE 4.7: Probability for a sample s to have a foreground label in the two situations A and
B (See text for details). This probability depends on the sample distance from the camera dsj ,
the depth measure zsj and the maximum depth range dmax.

The maximization step does not change (i.e., equations 3.27 and 3.28). In the expectation step,
terms related to the depth measurement act as priors on the samples labels. These terms can be
computed once and for all in the initialization stage.

Modeling for depth. Following the principles given in §4.3.2, our depth sensor model needs
to classify as background all samples lying between the camera and the depth measurement
along each line of sight and shouldn’t give any information about samples behind front objects.
This is expressed by giving, conditioned on the f label, 0 probability to samples whose depth
verifies dsj < zsj −ε, where ε is a conservative depth noise threshold. The sensor model behavior
must also be defined when the position of the sample coincides with the depth measurement
provided by the range camera. Different modeling possibilities exist and we empirically define
distributions for two cases, following [119] and [120]:

(A) Regions of space around the measured depth are more likely to contain an object than
regions further away:

p(zsj |ks=f)=


1/dmax if zsj < dsj − ε,

(dmax−dsj + ε)/(2εdmax) if |dsj − zsj | ≤ ε,

0 if zsj > dsj+ ε.

(4.28)

(B) Regions further away than the measured depth are equally likely to contain an object:

p(zsj |ks = f) =

1/(dsj + ε) if zsj < dsj + ε,

0 otherwise.
(4.29)

For a background label bi, the depth measurement is not informative and does not depend on
these definitions:

p(zsj |ks = bi) = 1/dmax. (4.30)
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To give an intuition of what happens with these two different models, let’s consider the simple
situation of one depth camera, with all the priors and mixture coefficients set to uniform and a
sample s, with its associated depth measure zsj . Fig. 4.7 shows the probability p(ks = f|zsj ) for
this sample to have the foreground label according to its actual distance (dsj) from the camera in
the two situations.

It turns out that the first choice (Eq. 4.28) is detrimental to the segmentation performance when
parts of the background are close to the foreground object, as illustrated on Fig. 4.8. In this
case, samples on the table will have a high probability to be assigned foreground labels, owing
to depth measurements. The colors at their projections in the views will be integrated in the
foreground color model and will never be considered as background, despite the presence of
similar colors in the known background region RExt

i . Consequently, in the sequel we will use
the second model (Eq. 4.29).

FIGURE 4.8: Regions around the measured depth are assumed to be foreground objects
(Eq. 4.28). Green points are projection of samples with pfs > 0.8.

4.3.4 Evaluation of depth contribution

In this section, we show how the proposed method behaves in a multi-view context including
depth cameras and how depth and color observations influence the results.

We choose to run tests on two different datasets. The first dataset was captured using a multi-
view system consisting of n = 2 color cameras andm = 2 Swiss Ranger SR-4000 time-of-flight
cameras (Fig. 4.10). The second dataset consists of three different Kinect video sequences1:
Coke, Plant and TeddyBear. We select up to ten different frames from each sequence to con-
stitute multi-view data-sets (see Figs. 4.9 and 4.11). We use the color model described in the
previous section (except for the Plant dataset, see the related discussion for details).

Comparison with a monocular approach. The results obtained by our approach on the con-
sidered datasets are shown on Figs. 4.9 and 4.10. An average value of 5 iterations of the EM
was needed to reach convergence. The method adapts well to the various configurations. We
compare our method with TofCut [118], a state-of-art monocular approach that describes fore-
ground and background pixels using a weighted combination of color and depth models. The
original algorithm was designed for datasets with a good discrimination in depth between fore-
ground and background. In order to improve its robustness to overlapping depth distributions,
we kept the same models but adopted an iterative approach. Initially, pixels inside the region of

1http://vision.in.tum.de/data/datasets/rgbd-dataset
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(a) Coke dataset - 10 views

(b) TeddyBear dataset - 8 views

FIGURE 4.9: Results on Kinect datasets. Green dots indicate projections of samples labeled
foreground with pfs > 0.8. Second column is our segmentation and the third column shows
results with our implementation of TofCut (see text for details).

interest RInt
i are set to foreground, all other pixels are labeled background. Next, we alternate

between pixel relabeling and model update, and iterate until convergence. Unlike the original
TofCut algorithm, we choose to model foreground and background appearance and depth using
histograms. This is of particular interest for depth, where the discrimination between foreground
and background is not as strong as in [118]. Comparative results show that our approach consis-
tently outperforms the modified TofCut method. Fig. 4.9(a) illustrates a typical failure case for
monocular approaches such as TofCut, when the discrimination in depth between foreground
and background is poor. Our method, in contrast, successfully handles the depth ambiguities,
owing to the integration of information from all the views.

Our approach is also able to handle more complex acquisition situations where color and depth
cameras are not aligned, for which depth-based monocular approaches would not be applicable.
Owing to the 3D samples, information is propagated from depth cameras to color cameras. To
be fair, if color and depth cameras were aligned, a monocular approach would certainly work
for this dataset. Nevertheless, fig. 4.10 shows the ability of our method to handle more complex
acquisition configurations.

A more complex scenario - case study The difference in appearance between foreground
and background is a key assumption of our approach. Not meeting this condition will lead
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FIGURE 4.10: Results on a multi-view dataset including n = 2 color cameras and m = 2 ToF
cameras. On the left side: image and foreground segmentation in one the views. On the right
side: ToF depth image and projections of foreground samples at convergence.

to segmentation errors. With the Plant dataset, there is an ambiguity between foreground and
background both in color and depth. If we define foreground to be any solid object inside
the common visibility volume (using the model defined by equation 4.28), then the table will
be segmented as foreground. If we add the assumption that the foreground must be visually
different from the background, then only the green leaves are segmented as foreground and the
blue pot is identified as background due to the blue objects in the background. In order to obtain
a semantically meaningful segmentation, we use localized histograms to limit the propagation
of background labels: the image is subdivided in rectangular regions, each region having its
own histogram. Pixels participate in the histograms of the 4 closest regions. In this case, the
combination of color and depth cues yields the expected segmentation (Fig. 4.11).

This dataset illustrates the complexity of the multi-view segmentation problem. It shows that
color information is not enough to perform segmentation in complex scenarios and that depth
information must be used with caution. This result also shows the adaptability of the n-tuple
approach to various appearance models, which may be selected to better suit the desired seg-
mentation semantics.

Quantitative results. We perform a quantitative comparison with ground truth to see how the
combination of the two sources of information influences the results (Fig. 4.12). We compute
false alarm and hit rates on segmentation results in three scenarios: color only, depth only and
combining both.

The color only method is sensitive to the resemblance between foreground and background.
This explains the results on the Kinect datasets. It is also sensitive to the number of cameras.
With only two color cameras, results on the second dataset are not representative and are there-
fore not shown on the figure. Results using only depth information are of better quality. The
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Input images (a) (b)

FIGURE 4.11: Segmentation results on Plant dataset: (a) with a shared foreground color
histogram; (b) with local histograms.

results on the TeddyBear dataset are very close to ground truth because all solid objects in the
common visibility volume are parts of the foreground. However, using depth-only on the Plant
dataset fails to correctly segment the table. Combining depth and color is very effective in these
scenarios, where depth allows a quick identification and elimination of background regions and
color allows a better accuracy of the foreground segmentation.

FIGURE 4.12: Quantitative results: Comparison with ground truth in three configurations:
depth only, color only and combining depth and color. Error rate gives a global measure for
segmentation errors. False alarm rate indicates the proportion of background segmented as
foreground. “Color only” is not given on last three sequences due to their insufficient number
of image viewpoints (n = 2).
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4.3.5 Discussion on using depth information

The n-tuple framework was extended to a different modality integrating data from depth and
color cameras and experiments show the efficiency of the method, including in difficult test
scenarios where objects of interest are not straightforwardly distinguishable in depth images, and
lean on background objects. As experiments show, the method can deal with flexible viewpoint
configurations. Best results are obtained with depth cameras at a maximal relative angle of
90 degrees. Further studies could be conducted to quantify the influence of depth and color
viewpoints, but these results already confirm the advantages in using our generative model with
multi-modal cues for improvements. Thanks to additional depth information, the method is quite
successful and resilient, more so than using color alone. The depth extension also enables some
progress in understanding how far such a weak and generic model of viewpoint correlations can
take us to solve the multi-view segmentation problem. Some failure cases still appear, when
color and depth happen to be simultaneously undiscriminating, or when objects of interest do
not fit the initial assumptions of the model (is the flower pot part of the object of interest?). Still,
the method is largely successful despite its use of weak interview cues, with no priors other than
geometric.

4.4 Conclusion

In this chapter we show how the n-ntuple framework can be adapted to make use of different
appearance models, with the GMM example, and other modalities, like depth information from
range cameras. This chapter is extremely helpful in understanding the limitations of the current
method. Using a more complex color only appearance model or resorting to other modalities
improves the segmentation results but does not provide the important gain one would expect.
This clearly shows that the model proposed so far is missing some aspects of the problems. The
results in this chapter hints toward different directions for improvements. The first is that color
only appearance models are not sufficient to distinguish between foreground and background,
even in multi-view setups with information fusion. The second is that despite the geometric
consistency expressed in the n-tuple model, the method is still not fully taking advantage of the
multi-view setup. Finally, using information from videos should considered. In particular using
motion to identify and segment objects of interest. These findings are important and they are the
motivation behind the multi-view graph-cut model proposed in the following chapter.



Chapter 5

Multi-view graph cut for object
segmentation

5.1 Introduction

In the previous chapters, a multi-view segmentation method based on sparse sampling of the
space was presented. Despite the sound probabilistic model it exploits, the quality of the results
in challenging outdoor situations suggests that the method is still not entirely taking advantage
of all the information present in a multi-view setup. In particular, the method is sensitive to
similarity of appearance between foreground and background regions, which proves that color
only appearance models are not discriminative enough to identify and segment the foreground
object(s). This problem of limited differentiation power of color only models is also encountered
in monocular segmentation and some methods suggest to reason at superpixel level rather than
on pixels [123]. Reasoning on theses local clusters of similar pixels [124, 125] (i.e. superpixels)
permits a richer region description (using texture information for example) and makes possible
to discriminate between two image regions despite their color similarity. Many research works
have explored this direction both in image [25, 126–128] and video segmentation [129, 130] with
promising results. In the multi-camera context only Campbell et al. [37] proposed a method
based on superpixels but this is only used with the objective of reducing computation time
(texture information is not used for example). Indeed, their method relies on epipolar geometry
to relate segmentation between the views, which implies a point to line relation and reasoning
on pixels would quickly raise combinatorial issues.

In this chapter we propose a new iterative formulation of multiple view object segmentation
that is using a joint graphcut linking pixels through space and time. This formulation is clearly
related to some methods in cosegmentation [75] and multi-view segmentation [37]. However,
it differs by the graph coupling that our framework introduces at the geometric level which
is based on the 3D samples. This method brings several key contributions, validated in §5.6:
first, it is noticeably efficient in convergence and computational requirements, using only sparse
interview links. Second, the graph structure intrinsically takes into account the constraints of

68
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the multi-view segmentation problem, producing coherent segmentations both at the geometric
level and the image level. Third, the ability to handle few viewpoints, much further apart than
most state of the art approaches require. This is a situation that naturally arises in practice
and for which none of the previous works is giving results below 6 viewpoints. Fourth, in the
video case, the framework straightforwardly extends to the use of temporal links with the aim
to propagate momentarily reliable segmentation evidences across time in multi-view setups. To
the best of our knowledge, this is the first approach to leverage temporal cues for multiple video
segmentation, with significant future applications.

5.2 Related work in video segmentation

In video segmentation, ideas developed for image segmentation like contours based approaches
or pixel clustering, have been extended to take into account the extra temporal dimension. This
implies the necessity to develop algorithms that enforce temporal coherence but opens the pos-
sibility of using information from motion to improve segmentation results and alleviate the need
for user interaction, particularly in the monocular case.

Among the first work we can cite the natural extension of active contours to videos [131] or
trimap based alpha-matting [132] using optical flow. Agarwala et al. [133] propose a rotoscop-
ing technique based on user interaction where the tracking algorithm is cast as a space-time op-
timization problem that solves for time-varying curve shapes based on an input video sequence
and user-specified constraints. In [134], Li et al. first segment video frames into watershed
region partitions with temporal coherence, then foreground/background region is propagated
between two frames where user indicates the object to segment. This segmentation is locally re-
fined using color models and edge preservation. Similarly, Wang et al. [135] use a preprocessing
step based on mean-shift to obtain a small number of regions on which a min-cut based algorithm
operates. In other methods [136], user interaction is propagated using geodesic distance without
complex estimation of optical flow. Using a hierarchy of tobogganed regions [137], an interac-
tive segmentation tool is proposed with seed points that can be placed at different voxels in the
volumetric video representation. Video SnapCut [6] is a video segmentation method based on a
set of localized classifiers on the object borders that locally assign pixel foreground/background
probabilities according to estimated color models and object shape. Multi-frame propagation is
achieved by moving the classifiers according to optical flow, and topological changes are han-
dled by adding or removing classifiers when needed. It is also possible to model self-occlusions
and dis-occlusions in a joint shape and appearance tracking framework [138].

Instead of relying on user interaction, some other methods try to learn some statistics on the
background. This learning process is usually performed on empty images of the scene in a
preprocessing step. If segmentation is possible using only these learned statistics, usually back-
ground subtraction techniques try to update color models [139–141] in order to adapt to possible
variations in the scene, due to different illumination and shadows. In a more recent recent work,
Criminisi et al. [142] propose to learn low-level statistics using a Hidden Markov Model. Pixels
can have foreground or background states and the proposed HMM is used to model transitions
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from one state to the other according to variations in pixel colors. This requires a learning step,
but reasoning on optical flow is not used, which makes it suitable for real time applications
such as video conference. Changes of illuminations may also be taken into account as proposed
in [143].

Just like image segmentation, some methods aim at grouping pixels into coherent spatio-temporal
volumes [144, 145] or using a hierarchical graph-based approach [146]. These regions were
used in many segmentation methods to propose temporally consistent segmentations [147] or to
propagate user interaction in video segmentation [129].

Using motion to identify the different objects present in a scene is also possible, as was shown by
recent results in automatic video object segmentation using motion saliency [148], segmentation
proposals [11] or point trajectories [149].

We should also mention the recent results in video cosegmentation like the multi-class video seg-
mentation method proposed by Chiu et al. [150], formulating the problem as a non-parametric
Bayesian modelling across video sequences.

Multi-view segmentation is addressed here in the static and dynamic cases, and we show in
our experiments the benefits of using a multi-view approach through a comparison with Video
SnapCut [6].

5.3 Principle

We keep the same definition of foreground used until now, that is, an object of interest should
satisfy two constraints: be fully visible in all considered views, and its general appearance
should be different from the background’s general appearance. In the previous chapters, we have
seen that a generative model for the color n-tuples associated with a sparse set of 3D samples
can be used to coherently infer foreground and background color models in different views. In
this chapter we cast the multi-view object segmentation problem as a joint labelling problem
among the n input views, governed by a single MRF energy discussed in §5.4. The driving idea
here is that the generative model as presented is still missing some of the problem constraints.
The energy based approach we present in this chapter, while building on the notion of sparse
3D sampling, provides a powerful way of representing interactions and relations between the
different elements of the problem both at the image level and the inter-view level.

The proposed labelling MRF energy can be described as follows: First, in order to ensure inter-
view propagation of segmentation information, we use a sparse set of 3D points (or samples)
randomly picked in the region of interest (common field of view of all the cameras) to provide
geometric consistency between the images. Each sample is used to create links in the graph be-
tween itself and pixels at its projection, whose strength reflects the object coherence probability
of the sample. Second, to ensure efficient intra-frame propagation, we compute a superpixel
oversegmentation of each image, and define two neighborhood sets on each superpixel in the
graph based on image-space and texture-space proximity. Resorting to superpixels also allows
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FIGURE 5.1: Multi-view object segmentation (MVOS) using our method with the 3 wide-
baseline views shown only, with no photo-consistency hypothesis and no user interaction.

one to benefit from richer region characterizations reducing color-space ambiguity. Third, the
resulting MRF energy is minimized using s-t mincut [151] and resultant segmented regions are
used to re-estimate per-view foreground/background appearance models, which are, in turn,
used to update 3D sample object coherence probabilities. The method is also easily extended
to handle videos by adding temporal links between superpixels using tracked interest points or
optical flow. We present the details of each stage of the algorithm below.

5.4 Formulation

We are given a set of input images It = {I1,t, ..., In,t} at instant t. For each image i at t
we have the set Pti of its superpixels p. We use superscript t for time for all terms, generally
keeping it implicit for concision unless terms from different instants are involved. Segmenting
the object in all the views consists in finding for every superpixel p ∈ Pti its label kp with
kp ∈ {f,b}, the foreground and background labels. We denote St the set of 3D samples used to
model dependencies between the views at instant t. These points are uniformly sampled in the
common visibility volume.

Contrary to the previous model where all the inference was performed on the n-tuples, the
proposed MRF energy tries to label superpixels and the 3D samples only act as geometric con-
straints. Computing foreground and background label probabilities is performed as an interme-
diate step before the energy optimization and it is estimated following equation (3.19). More
details are given when the corresponding energy term is presented.

5.4.1 MRF Energy Principles

Given the superpixel decomposition (shown in Fig. 5.2 on two examples) and 3D samples, we
wish the MRF energy to reward a given labelling of all superpixels as follows, each principle
leading to MRF energy terms described in the next subsections.
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FIGURE 5.2: Example of superpixel segmentation on Couch and Buste datasets using
SLIC [124].

Individual appearance. The appearance of a superpixel should comply with image-wide fore-
ground or background models, depending on its label.

Appearance continuity. Neighboring superpixels likely have the same labels if they have sim-
ilar appearance.

Appearance similarity. Two superpixels with similar color/texture are more likely to be part
of the same object and thus, more likely to have the same label. These superpixels may not be
neighbors due to occluding objects.

Multi-view coherence constraints. Here we use the 3D samples to enforce geometric con-
sistency of the segmentations. More precisely, assuming sufficient 3D sampling of the scene,
a superpixel should be foreground if it sees at least one object-consistent sample in the scene.
Conversely, a superpixel should be background if it sees no object-consistent 3D sample. These
links between superpixels and samples are only possible if the 3D samples are themselves in-
cluded in the MRF. 3D samples are considered object consistent (i.e. foreground) if they project
in foreground regions in all the views.

Time consistency. In the case of video data, superpixels in a sequence likely have the same
label when they share similar appearance and are temporally linked through an observed flow
field (e.g. optic flow, SIFT flow).

The principles described here lead to three distinct categories of energy terms. The first category
gathers all the intra-view relations which lead to energy terms standard in image segmentation.
The second category represents the core contribution of this chapter. It models multi-view seg-
mentation constraints through unary and binary energy terms in an original way thanks to the
3D samples. Finally the third category shows how to correlate segmentation between different
instants in the case of videos.

5.4.2 Intra-view appearance terms

The terms presented here correspond to classic energy terms used in image segmentation: unary
data and binary spatial smoothness terms defined on superpixels, to which we add non-local
appearance similarity terms on superpixel pairs for broader information propagation.
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The appearance is modelled using a richer description based on color and texture. Origi-
nally [152], this method was proposed with simple texture description based on a limited number
of Laplacian and gradient filters. We will try to stay as general as possible in energy term de-
scription, postponing the discussion and decision on the appearance models to a later section.
For each superpixel p we define its corresponding image regionRp containing all its associated
pixels and each pixel r defines an (l + 3)-dimension vector that includes both a 3 dimensional
color information and an l dimensional texture information. The texture is defined as the re-
sponse to a bank of Laplacian, gradient and Gabor filters [123, 153].

Foreground and background appearance models are defined on these multi-dimensional vectors
and respectively noted ΘF

i and ΘB
i .

Individual appearance term. We denote Ec the unary data-term related to each superpixel
appearance. We characterize appearance by the sum of pixel-wise log-probabilities of being
predicted by an image-wide foreground or background appearance distribution:

Ec(kp) =


∑
r∈Rp

− log p(Iir|ΘB
i ) if kp = b,∑

r∈Rp

− log p(Iir|ΘF
i ) if kp = f.

(5.1)

Similarly to the generative model for the color n-tuples proposed in Chapter 3, foreground and
background models are defined in very general terms. They can be modelled by histograms
or any other more complex distribution. We also note that contrary to the n-tuples based EM
inference developed earlier, the foreground model is not necessarily shared between the views.
This point will be further investigated in the experimental section.

Appearance continuity term. This binary term, denoted En, discourages the assignment of
different labels to neighboring superpixels that exhibit similar appearance. It is of the form of a
contrast sensitive Potts model [151]. To model this similarity, we use the previously defined tex-
ture and color information to create superpixel descriptors. The descriptor for a given superpixel
p consists of a histogram on the color and texture information noted Ap.

Let N i,t
p define the set of adjacent superpixel pairs in view i at time t. For (p, q) ∈ N i,t

p , the
proposed En is inversely proportional to the distance between the two superpixel descriptors, as
follows:

En(kp, kq) =

exp(
−d(Ap, Aq)

2

2 < d(Ap, Aq) >2
) if kp 6= kq,

0 otherwise.

(5.2)

The distance d(., .) here is the χ2 distance between the superpixel descriptors. < d(Ap, Aq) >

indicates expectation over all neighboring superpixels in the image.
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Appearance similarity term. To favor consistent labels and efficient propagation among sim-
ilar superpixels, we introduce a second binary term Ea of the same form as En but defined non-
locally. Retrieving for each superpixel p its k-nearest neighbors for the χ2 distance, defines a set
N i,t
a (p) of superpixel pairs. The set N i,t

a is defined as follows:

N i,t
a =

⋃
p∈Pt

i

N i,t
a (p) (5.3)

resulting in all the superpixel pairs to be linked by an appearance similarity term:

Ea(kp, kq) =

exp(
−d(Ap, Aq)

2

2 < d(Ap, Aq >2
) if kp 6= kq,

0 otherwise.

(5.4)

Contrary to the binary continuity energy term (En), this similarity term generates links of longer
range, hence not limited to direct neighbors.

5.4.3 Inter-view geometric consistency terms

To propagate inter-view information, we use a graph structure connecting a 3D sample to pixels
it projects on. While this leads to a structure similar to [75], the latter builds inter-pixel hard links
that are always active based on common histogram binning of pixels. In [37], the superpixels of
different views are linked using epipolar geometry and the number of links is reduced based on
depth binning obtained from stereo.

A key difference in our approach is that linking superpixels though the 3D samples naturally
results in a sparse set of inter-view edges, while expressing more subtle and complex multi-view
geometry consistency constraints. A difficulty we have to cope with is that geometric consis-
tency of samples may change during iterations because of evolving segmentations. We thus
evaluate before each iteration an “objectness” probability measuring consistency with current
segmentation, and use it to reweigh the propagation strength of the sample.

The constraints we want to express using 3D samples are the following:

• Labelling a superpixel p as background is only possible if the 3D samples on its line of
view are labelled as background.
• To label a superpixel p as foreground it must see a foreground 3D sample.

One way to express these constraints is to reason through a deterministic approach on 3D sample
label probabilities, by setting a threshold over foreground label probability for example. How-
ever, in an iterative inference process where the foreground and background models are still to
be estimated, it is a better choice to take advantage of these probabilities by integrating sample
foreground/background labelling in the MRF energy, as is described below.
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Sample-pixel junction term. The objective of this term is to enforce the following desirable
projection consistency property: labelling a superpixel p as background is only possible if it is
coherent to label all the samples s projecting on it as background.

src

sink

cut

cut

FIGURE 5.3: Relation between samples and superpixels. If a sample s is labelled as fore-
ground then superpixels at its projection positions can not be labelled as background. This
corresponds to an impossible cut, as illustrated here.

The desired property is illustrated in Fig. 5.3 with the s-t graph corresponding to the sample-pixel
junction energy term. With this term we would like to make it impossible for a cut classifying the
superpixel as background while keeping a foreground label for the sample, to be minimal (red
cut in Fig. 5.3). On the other hand, a cut classifying the sample as background while keeping a
superpixel it projects on as foreground must remain possible (blue cut). Indeed, it is sufficient
for a superpixel to see one foreground sample on its line of view to be labelled as foreground.

To ensure this projection consistency, we connect each sample s to the superpixels p it projects
onto in all views, which defines a neighborhood NS . We define a binary term Ej as follows:

Ej(ks, kp) =

∞ if ks = f and kp = b,

0 otherwise.
(5.5)

This energy term corresponds to adding an infinitely weighted oriented edge from the super-
pixels to the samples on their line of view. The key property of this energy is that, as shown
in Fig. 5.3, a cut assigning simultaneously to background a superpixel p and to foreground a
sample s that projects on p, can never be a minimal.

Sample objectness term. In order for the previously defined constraints to be effective, the
inference must include unary labelling energy term for the samples. We call this term sample ob-
jectness because it provides the cut algorithm with the flexibility of deciding on the fly whether
to include s in the object segmentation, based on all MRF terms.

Let P f
s be the coherence probability of a sample s ∈ St. This probability is estimated with

equation (3.19) making use of the probabilistic framework developed in the previous chapters.
A sample is more likely to be labelled as foreground if this is coherent with the current estimation
of appearance models. The notion of coherence here corresponds to the ideas developed in §3.2.
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We associate a unary term and a label ks to sample s,

Es(ks) =

− log(1− P f
s ) if ks = b,

− logP f
s if ks = f.

(5.6)

As a result of the terms defined so far, image regions (or pixels) and samples are not labelled
independently anymore, but are closely related in a more complex way than proposed by Camp-
bell et al. [37], better describing multi-view geometric constraints. The influence of the links
created is not limited to neighbor views but extends to a larger range, while keeping the number
of links reasonable thanks to the sparse 3D sampling.

Sample projection term. The energy termsEs andEj correspond to the first condition on su-
perpixel/sample relationship. The converse property, inclusion of segmentations in the sample’s
projected set, requires enforcing a foreground superpixel p to see at least one foreground sample
s, which can only be expressed with higher order MRF terms (Fig. 5.4). We opt to keep a first
order MRF by modelling this behavior through an iteratively reweighted unary term.

src

sink

b

f

src

sink

b

f
0

(a) (b)
FIGURE 5.4: Relation between samples and superpixels: To be labelled as foreground, a
superpixel p must see at least one foreground sample on its line of view. (a) This implies a one-
to-many relationship (green edges) that can only be modeled with higher order MRF terms.
(b) To avoid this situation we opt for an unary energy term (Ep) that is proportional to the
maximum foreground probability for the samples on the superpixel line of view.

The desired behavior is achieved by associating to each superpixel p a sample reprojection
term Ep. Its purpose is to discourage foreground labeling of p when no sample was labelled
foreground in the 3D region Vp seen by the superpixel, and conversely encouraging foreground
superpixel labelling as soon as a sample s in Vp is foreground. This leads to a simple unary
term:

Ep(kp) = − logP (kp|Vp) where Vp = max
s∈Vp

(P f
s ). (5.7)

Since the sampling is sparse, the term P (kp|Vp) is the maximum foreground probability Vp
multiplied by a weight inversely proportional to the distance of the closest sample projection.
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Consequently, foreground labelling of a superpixel that is not in the neighborhood of the projec-
tion of a sample likely to be foreground, is penalized.

5.4.4 Time consistency terms

In the case of video segmentation, the idea is to benefit from information at different instants and
to propagate consistent foreground/background labelling for the frames of the same viewpoint.
A set N i

f of related superpixels between frames can be estimated by matching interest points or
using optical flow. The propagation is done through the energy term Ef that enforces consistent
labelling of linked superpixels (pt, qt+1) ∈ N i

f as follows:

Ef (kpt , kqt+1)=

θf exp(
−d(Apt , Aqt+1)2

2 < d(Apt , Aqt+1) >2
) if kpt 6=kqt+1 ,

0 otherwise.

(5.8)

In this equation, θf will depend on the considered links: in the case of SIFT based links, θf
is inversely proportional to the descriptor distance between the matched points. Thus, a good
matching will constrain the two linked superpixels to have the same label.

In our case, we use optical flow, and θf depends on the proportion of pixels in a superpixel
linked with flow vectors between consecutive frames. More precisely, for two superpixels pt

and qt+1, if we define:

θf (pt, qt+1) =
Number of pixels from pt linked with optical flow to qt+1

Total number of pixel in pt
(5.9)

then,
θf = θf (pt, qt+1).θf (qt+1, pt) (5.10)

5.4.5 MRF energy and graph construction

Let X be the conjunction of all possible sample and superpixel labels. Our MRF energy can
thus be written with the three groups of terms: the intra-view group, the inter-view group with
its own multi-view binary and unary terms, and finally the time consistency group with only
binary terms between successive instants t and t + 1. λ1, λ2, λ3 are relative weighing constant
parameters. Finding a multi-view segmentation for our set of images, given the set of histograms
HB
i and HF

i , and the probabilities P f
s , consists in finding the labeling X minimizing:



Chapter 5. Multi-view graph cut for object segmentation 78

src

sink

FIGURE 5.5: Temporal links between superpixels of different frames are estimated using both
interest points and optical flow.

E(X) =
∑
t,i

∑
(pt,qt+1)∈N i

f

Ef (kpt , kqt+1) + (5.11)

∑
t,i

[ ∑
p∈Pt

i

Ec(kp) + λ1

∑
(p,q)∈N i,t

p

En(kp, kq) + λ2

∑
(p,q)∈N i,t

a

Ea(kp, kq)

]

+
∑
t

[∑
s∈St

λ3Es(ks) +
∑

(s,p)∈Nt
S

Ej(ks, kp)+
∑
i

∑
p∈Pt

i

Ep(kp)

]
.

The submodularity constraint being satisfied in our model, we can build an s-t graph G where
the min-cut will provide the solution to our energy minimization problem. This graph contains
the two terminal nodes source and sink, one node for each superpixel p and one node for each
3D sample s. Edges are added between superpixels and samples according to the energy terms
previously defined. Fig. 5.6 shows the resulting graph.

5.5 Computational approach

Similar to most of state of the art segmentation methods, we adopt an iterative scheme where we
alternate between the previous graph cut optimization, and an update of the color models. The
common visibility constraint can be used to initialize color models as in [35].

Fig. 5.7 gives an overview of the whole method. The extraction, description and linking of su-
perpixels is done once, at initialization time. In the iterative process, the unary terms (objectness,
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src

sink

3D samples
( f )

+( f )

( b )

( b )
0

( f )

FIGURE 5.6: Graph construction. Superpixels and 3D samples are the nodes of our graph.
Edges contain the different terms of our energy. A min-cut in this graph provides the solution
to our energy minimization problem. The links between superpixels of different frames are not
shown here for clarity.

Initialization (for each sequence instant)

1. Divide the images into superpixels.
2. Compute descriptors for all the superpixels.
3. Link similar superpixels.
4. Link superpixels from successive frames.
5. Randomly draw 3D sample positions.
6. Initialize background/foreground appearance models.

Iterated steps

7. Compute unary terms of energy from the models.
8. Minimize energy with s-t mincut.
9. Update color models from graph cut results.

Finalization

10. Final segmentation: standard graphcut segmentation at pixel
level using models derived from superpixel segmentation.

FIGURE 5.7: Algorithm overview.

superpixel sample projection and superpixel labelling probabilities) computed using the appear-
ance models of the previous iteration. The algorithm converges when no more superpixels are
re-labelled from an iteration to another. Superpixel labelling at convergence is used to estimate
foreground/background appearance models which are used in a standard graphcut segmentation
at pixel level, with unary terms based on appearance and smoothing binary terms using color
dissimilarity.

In the case of video segmentation, the same scheme is applied over a sliding window of 5-10
frames. In this situation additional cues can be used, such as considering non-moving regions
as background.
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5.6 Experimental Results

In this section we present the results obtained by the proposed method in the context of the pub-
lished work [152]. In this case, texture is defined as gradient magnitude response for 4 scales and
Laplacian for 2 scales. As an initialization step, a k-means is run separately on color and texture
values. This clustering is used to create texture and color vocabulary on which foreground and
background histograms (HF

i andHB
i ) are computed. They now represent respectively the colors

models ΘF
i and ΘB

i . We implemented our approach using publicly available software for su-
perpixel segmentation (SLIC [124]) and using Kolmogorov’s s-t mincut implementation [151].
We use superpixel sizes of 30-50 pixels to ensure oversegmentation, obtaining around 2000 su-
perpixels per image. For appearance models, we run K-means on texture and color values, to
quantize texture and color into respectively 60 and 150 “words”. The region of interest is com-
puted by keeping only 3D samples in the common visibility domain, i.e. which project inside
all views. We randomly generate 100k 3D samples for all tests. The only free parameters in the
method, λ1, λ2 and λ3 are respectively set to 2.0 , 4.0 and 0.05 for all datasets. No particular
sensitivity was observed to these settings. The initialization of the algorithm is very weak, by
settingHF

i to the statistics of the projection region of the common visibility domain of all views,
which is quite large on all datasets, only eliminating about 25% of pixels on outer regions of the
image. Background histograms HB

i are set to the statistics of the known background (outside
the projection of visibility domain). The computation time depends on the number of viewpoints
and the number of frames. In a static case with 10 viewpoints, each iteration of the algorithm
takes less than 10s with our C++ implementation and convergence is reached in fewer than 10
iterations. Tests were run on a 2.3 GHz Intel i7 PC with 4GB memory.

5.6.1 Qualitative results

To validate our approach, we run our implementation on a dozen challenging datasets presented
in the previous chapters: COUCH, BEAR, CAR, CHAIR1 from [1] which we use for qualitative
and quantitative evaluation, BUSTE and PLANT1 which we use for qualitative evaluation.

The figures from 5.8 to 5.9 show the results for our methods on the various datasets. We show
the graph cut result on superpixels at convergence and the final segmentation at pixel level. We
illustrate the resilience of the algorithm in particular with low numbers of viewpoints on all the
datasets. Very good results are obtained with only 3 widespread viewpoints (such as Fig.5.1).
This corresponds to a scenario where approaches that need numerous viewpoints, e.g. [1], are
likely to fail.

In complex scenarios, such as in Fig. 5.10, our first approach (Chap. 3) relying only on color [108]
fails to segment foreground objects. The approach presented in this chapter, benefits from a more
complex appearance model. Fig. 5.9 shows that what is considered as foreground object depends
on the viewpoints. For the first example with 8 viewpoints the table is seen by all the views and
it is identified as part of the foreground. When adding more viewpoints, the table is no longer

1from http://vision.in.tum.de/data/datasets/rgbd-dataset
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Input images Superpixels Segmentation

FIGURE 5.8: Results on BEAR (3 views), COUCH (3 views), CAR (5 views) and CHAIR (9
views) datasets. The first column corresponds to one of the input images. The second and third
columns contain respectively superpixel and pixel level segmentation results.

Input 8 views 13 views 26 views

FIGURE 5.9: Results on BUSTE dataset with different numbers of views. For the 8 views
result, the table is seen by all the views. With 13 views some cameras eliminate parts of the
table and it is thus classified as background. Finally with all the views, the black elements in
the background appear close and similar to the black pedestal. Thus, only the head is identified
as foreground in this case.

entirely seen by all the cameras, and thereby it is segmented as background. Using all the views,
many cameras see the black elements in the background very close to the black pedestal. They
are then cut out from the foreground and only the sculpture is left.
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Input Our method Djelouah [108]

FIGURE 5.10: Results on PLANT dataset (3 views) with qualitative comparison with the first
approach in chapter 3. The method presented in this chapter benefits from a richer appearance
model and also from intra-image consistency constraints.

5.6.2 Quantitative and Comparative results

To illustrate the strength of the approach and for the purpose of comparison, we use the same
protocol as [1], computing accuracy as the proportion of correctly labelled pixels (Fig. 5.11 and
Table. 5.1). We evaluate here the sensitivity of our approach to the number of viewpoints and
the quality of the segmentation result compared to state of the art approaches [1, 39, 108], by
randomly picking 10 viewpoint subsets for a given tested number of viewpoints and averaging
results.

FIGURE 5.11: Sensitivity of the multi-view graph cut to the number of views.

Clearly Fig. 5.11 shows that our approach exhibits very little sensitivity to the number of view-
points and achieves excellent segmentation results even with only 3 widespread viewpoints. Let
us emphasize the excellent performance of the algorithm on CAR and CHAIR1 datasets, despite
the very low number of viewpoints used and the challenging nature of color ambiguities in the
datasets.

The difference of segmentation precision between approaches is mainly due to some difficult
color ambiguities in the model, such as shadows that appear consistent both with hypotheses
of geometric and photometric cosegmentation methods. In [1], it should be noted that depth
information and plane detection significantly help, especially through the identification of the
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Dataset Our Method Kowdle Djelouah Vicente
[1] [108] [39]

Couch
3 11 11 11 not
99.1± 0.2 99.0± 0.2 99.6± 0.1 98.8± 08 available

Bear
3 15 15 15 not
98.0± 1.0 98.0± 1.0 98.8± 0.4 98.8± 0.4 available

Car
5 44 44 44 44
97.4± 0.8 97.0± 0.8 98.0± 0.7 0∗ 91.4± 4.3

Chair1
9 18 18 18 18
98.6± 0.3 98.6± 0.3 99.2± 0.4 88.0± 2.0 86.9± 7.8

(*) Foreground is not identified in this dataset.

TABLE 5.1: Quantitative evaluation of our approach with a static scene. The table presents
comparisons with state-of-the-art approaches (nb views, Accuracy). Notice that our approach
achieves equivalent segmentation results with significantly fewer images than other approaches.

ground plane, which eliminates some ambiguities at the price of requiring more viewpoints for
the purpose of obtaining the stereo.

From table 5.1, we observe that adding more views does not seem to improve segmentation
results for the proposed method. This can be explained if we consider that the method is already
taking a maximum advantage of the limited assumptions we have. To improve further the results,
one should consider additional information present when using many input views. This is the
case for plane base multi-view segmentation method [1] where depth information is used, but
other assumptions can be considered, such as appearance similarity between close viewpoints.

5.6.3 Video segmentation results

In the case of video sequences, our framework has the ability to propagate multi-view segmen-
tation evidence over time. It also enables the propagation of temporal evidences from a given
viewpoint to other viewpoints, e.g. static background or moving foreground. They can help
resolve local segmentation ambiguities in few views in time or space. In order to demonstrate
these principles, we evaluated the approach with two datasets DANCERS and HALF-PIPE from
[19] and [154] respectively. The first consists of 8 cameras in an indoor setup whereas the
second is captured with 4 hand-held cameras in a challenging outdoor environment. Fig. 5.12
shows segmentation results with and without temporal consistency. Results on the DANCERS se-
quence (first row) show how temporal evidences help resolving background ambiguities. This is
achieved by taking advantage of pixels with static values when building the background model.

With the HALF-PIPE video dataset (Fig. 5.12 second and third rows), we experiment propaga-
tion in time and space of user inputs. In this dataset, the complex nature of the environment,
the hand-held cameras in general motion and non-static backgrounds, and the few, widespread
viewpoints make the segmentation very challenging. As shown in Fig. 5.12, specifying ambigu-
ous foreground/background regions with two strokes in a single view (second row, left image)
is sufficient to obtain visually satisfying results. This demonstrates that cues in an image can
benefit to other images with different viewpoints and at different times.
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Input images With temporal No temporal
constraints constraints

FIGURE 5.12: Multi-video segmentation results using space and time propagation (middle)
vs. space only propagation (right) of information. Row 1: DANCERS dataset; Rows 2&3:
HALF-PIPE dataset. User inputs are shown in blue (fg. region) and red (bg. region)

The main motivation behind this work was to provide a new solution to the multi-view segmen-
tation problem and to show that the quality of the results can be greatly improved while keeping
user interaction as minimal as possible. To illustrate the potential of the proposed multi-view
framework (see Fig. 5.13), we perform a comparative study with a standard state of the art video
segmentation tool [6]. In our case, user interaction is not used, and segmentation is automati-
cally performed in all of the 8 viewpoints. Using video snap cut [6], a very detailed user guided
segmentation is provided in the first frame. We let both algorithms perform the segmentation
of the entire video. The monocular approach quickly starts to drift, losing important parts of
the foreground but also including background elements in the object layer. This becomes even
more pronounced when foreground contours see strong changes. The result after fewer than 200

frames (∼ 8 seconds) is a video with severe segmentation errors on the majority of the frames.
Using a multi-view approach, the constraints from the different views allow us to keep the seg-
mentation on track all along the video. Some defects might be observed with strong motion, like
around the dancer hands in frame 131. But this does not affect the whole sequence. As an illus-
tration of this, a few instants later (frame 149), segmentation is almost perfect despite the strong
change of topology and motion. To obtain similar results using Video SnapCut, one would need
to keep correcting the segmentation as soon as it drifts away from the desired result. This rep-
resents a time consuming process that needs to be repeated for each view. With the multi-view
approach, not only are the results better, but all the views are segmented simultaneously.
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FIGURE 5.13: Comparative results on the DANCERS dataset: the Video SnapCut [6] tool is
initialized with user interaction delimiting precisely the contour of the object. In our multi-
view approach, segmentation is automatically obtained. During the course of the video, we
see how the monocular approach starts to drift away, resulting in strong degradation of the
segmentation. In the multi-view approach, some defects may appear locally (dancer hands in
frame 131), but this is quickly corrected and segmentation is almost perfect few frames later
(frame 149).

5.7 Conclusion

We have presented a new approach to solve the MVOS problem based on iterated joint graph
cuts. To our knowledge we propose the first unified solution dealing with intra-view, inter-view,
and temporal cues in a multi-view image and video segmentation context, into a single consistent
MRF model. The approach is shown to cope with a low number of widespread viewpoints, many
times achieving state of the art quality with only three wide baseline views. The algorithm has
been evaluated on very challenging datasets, including MVOS segmentation with videos from
four moving hand-held cameras. We believe that the framework is a solid basis to explore more
complex multi-view motion models, which we suspect may even further improve segmentation
quality in the video MVOS problem context.



Chapter 6

Tracking with uncalibrated cameras

6.1 Introduction

The work in this thesis has mainly targeted calibrated and synchronized multi-camera setups,
with the objective of foreground/background segmentation. The promising results obtained in
the case of video segmentation naturally raise the question of the potential of using movement in
the task of segmentation and tracking. More precisely, one has the intuition that object motion in
the multi-view context can be used to identify and differentiate between tracked objects/persons
and to estimate pixel level segmentation. Since the multi-view video segmentation problem is
not fully explored in the calibrated case, providing a solution when calibration information is
not present represents a significant step. An important challenge on the way to achieve this
objective is the ability to match action between uncalibrated views. In this chapter, we focus on
this problem in the context of object tracking. After reviewing the main monocular [155, 156]
and multi-view tracking methods [13], we will see that tracking in the uncalibrated multi-view
scenario is a problem barely addressed in recent years. In this case, it is important to be able
to compare apparent motions in different views, in order to decide if they are indeed the 2D
projections of the same 3D motion. We therefore explore some of the different ways this problem
has been addressed, particularly in the multi-view action recognition community.

In this chapter, we will see that using motion has been extensively explored in the monocu-
lar case with a wide variety of methods for tracking [157–159] and in the multi-view situation
when camera calibration is available [22, 160, 161] or when some intermediate representation
exists [162, 163] (i.e. a 2D occupancy map). Despite the important amount of work in this
domain, we will see that it is still relatively easy to find situations where even the most re-
cent tracking algorithms fail. Usually a multi-view approach remarkably solves many of the
encountered problems when calibration is available, but to the best of our reading no approach
proposes a solution in the uncalibrated case. If we assume that views are not affected by these is-
sues at the same instants, then tracking can be greatly improved through a hypotheses validation
framework. To address this situation, we propose to use the self-similarity matrix [164] in an
energy minimization framework as a way to compare and match motions in different views. The
preliminary results obtained on multi-view datasets are promising and suggests that using this

86
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approach can provide more robustness to monocular tracking methods in a hypotheses validation
framework.

6.2 Related work

In this chapter we are interested in two main problems. The first is object tracking both in
single and multiple camera setups, and the second is motion comparison and matching between
different views. In this section we review the related work for these two problems.

Monocular tracking and object/person tracking in general, is considered as one of the main
tasks of computer vision and represents the necessary preliminary step for a wide variety of
applications like action recognition, video indexing and video surveillance. Naturally, it is one
of the most studied problems in computer vision, with a great number of methods addressing the
problem in different ways. We will review here the main directions with the most recent works
from the state of the art.

The representation scheme is an important characteristic of tracking algorithms and many ap-
proaches have been proposed: from the holistic templates used in [165–168] to the more recent
sparse representation [169–171]. The choice of the features used to represent the object appear-
ance is important to distinguish the tracked object from other parts of the scene, and to be able
to identify it throughout the video sequence. Used features are based on gradient [172–175],
color information [176, 177], texture [178, 179] or spatio-temporal information [180, 181].

When the objective is to track arbitrary objects (which can be seen as image regions), the cur-
rent trend is to initialize and then update on the fly a suitable appearance model (either descrip-
tive / generative or discriminative) thanks to online learning tools. In generative online methods,
the object is defined as the region most similar to the target model. These trackers try to model
object appearance using specific features like superpixels [182], integral histograms [183], local
descriptors [184] or simply intensity, as in the seminal work of Ross et al. [185]. In discrimina-
tive methods, tracking is formulated as a classification problem between foreground and back-
ground. Online discriminative methods rely on a trained dynamic classifier with boosting [157–
159], random forest [186] or SVM [155]. Another important aspect of tracking algorithms is the
usage of contextual information and some approaches have used local information around the
object to assist tracking [187–189]. This contextual information can be integrated in the object
description as proposed by Chen et al. [156].

Contrary to online object tracking, where the user provides a bounding box of the object to track,
multi-object tracking methods usually rely on detection or short term tracks as the main working
element. It means that a specific category of objects is targeted: cars, people, faces, moving
objects, etc. For example, in pedestrian tracking or sport events, these methods often rely on
some person detector to provide the series of detections. Multi-object tracking is formulated as
an association problem between tracklets. Among the proposed methods, we can cite the work
of Huang et al. [190] and Perera et al. [191] based on the Hungarian algorithm. The association
is generally formulated as an assignment problem, with costs depending on features based on
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color and motion, solved using linear programming [192], cost-flow networks [193], continuous-
discrete set optimization [194], higher-order motion models [195] or particle filtering [196–
199]. Another interesting aspect here is that interaction between the different targets can be
used to improve tracking using collisions [200], correlated motion [201] or priors from the
context [202].

Multi-view tracking Despite the interesting results obtained in monocular situations, using
a multi-camera approach is necessary to achieve more precise long term tracking. An ex-
ample of the benefits of the multi-camera approach can be seen in the method proposed by
Krumm et al. [203], where two stereo cameras are used to track people and maintain their iden-
tities. This problem has also been addressed in more general setups using a Kalman filter on 3D
points [204]. Likewise, Black et al. [205] use Kalman filtering to track in 2D and 3D with tra-
jectory prediction during occlusions. Otsuka and Mukawa [206] propose a Bayesian recursive
framework for tracking objects moving on a two-dimensional plane with hypothesis generation
and testing. Mittal et al. [207] use pixel segmentation in the images to estimate 3D locations
on the ground plane, and tracking is performed with a Kalman filter. Techniques based on dis-
cretized 2D occupancy maps include [208, 209] and rely on depth estimation [208], a visual hull
procedure [209] or a generative model combining color and motions [162]. Still in the case of
2D occupancy maps, Berclaz et al. [210] formulate the problem as finding the flow between the
nodes, where the flow expresses the transition from one detection location to the other. The con-
straints are expressed as a linear program and can handle missing detections. To avoid identity
switches, appearance cues are exploited [13] and show good results in handling occlusions.

Methods reasoning on 3D reconstruction also rely on camera calibration [22, 160, 161]. A
maximum a posteriori approach is proposed in [22], where the function to be optimized takes
into account both detection and data association. In [160], Leal-Taixe et al. propose to build a
multi-layer graph from input detections. In the first layer, detections and links between nodes
are used to describe possible trajectories whereas in the second layer, nodes correspond to re-
constructions from detections. The assignment problem is formulated as a min-cost problem.
Hofmann et al. [161] propose a combined maximum a posteriori (MAP) formulation to jointly
model multi-camera reconstruction and global temporal data association.

In other situations, the objects are assumed to be tracked in the different views and the main
problem is data association, usually formulated as a bipartite graph matching problem [211] in
the case of two cameras. With more views, the proposed solutions are suboptimal using K-
partite graph matching [212, 213]. The problem has also been addressed as a multi-dimensional
assignment problem, solved with greedy randomized adaptive search procedures.

In this chapter we are more interested in how to model motion with the objective of comparison
in different viewpoints. Morariu et al. [12] propose a solution using uncalibrated cameras,
where appearance correspondences between different frames and temporal and spatial dynamics
between views are learned. In a 2 camera setup, tracking in the view where there is no occlusion
is used to predict the position of the object of interest in the other view. However, results are
only shown for very simple situations.
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Multi-camera action analysis and gait recognition are important problems in computer vision.
In multi-view action analysis, the main objective is human action recognition. Two categories of
work can be distinguished: view-invariant features and transfer learning across cameras. Among
the proposed features we can cite tracked body parts [214], 2D trajectories [215], correlated
feature extraction using calibration information [216] or reconstruction from silhouettes [15].
Some methods propose to learn a transfer function between the views [217] or a bag-of-bilingual
words [218] to represent the action in two views. However, all these methods require a retraining
stage in the case of different camera positions.

Junejo et al. [164] propose to use temporal self-similarity matrices for multi-view video syn-
chronization and action recognition. They show the interest of using such a representation as it
exhibits interesting stability across viewpoints.

This last work is inspired by tools developed in the context of gait recognition [219, 220]. In
these two works, self-similarity matrices are used to analyze the motion of a pedestrian in order
to identify the frequencies and to perform gait recognition. The objectives and the context are
different than the one presented in this work, but they represent an interesting first usage of
self-similarity matrices in motion analysis.

In the work of Johansson [221], point light displays are placed on body joints to visualize the
motion of a person and it was later shown [222] that this representation can be used for person
identification. Gait recognition can be classified into model based and image based. In model
based approaches, a predefined model (2D or 3D) is assumed and a pattern is fitted to match the
observations. In [223], the motion of the legs is analyzed to perform gait recognition. Using a
3D skeleton, Urtasun and Fua [224] try to recover gait parameters. Despite the interesting results
they achieve, these methods are limited by the inherent ambiguity of passing from a 3D to a 2D
representation. There is also a possible loss of information when fitting a generic model to a
particular individual. Image based gait recognition techniques are based on silhouettes [225–
228] or optical flow and feature trajectory points [229–232]. These works do not represent an
exhaustive list of methods addressing gait recognition, but a selection from recent advances in
this field. It is essentially the robustness to errors in the segmentation or noise in the data that has
been explored, and very little is said about the view invariant nature of the proposed methods.

In this work, we are mainly interested in the capacity to distinguish between different motions in
multi-camera videos. To this end, we explore the usage of self-similarity matrices for matching
motions in different views and its potential for hypothesis selection and validation in a multi-
view tracking framework.

6.3 View invariant motion description with self-similarity matrix

In this section we define self-similarity matrices in the context of multiple-view action matching.
We assume an object k of interest is tracked for a given interval of time I . The self-similarity
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matrix for this object on the interval I is

SSM(k, I) := [dij ]i,j∈I (6.1)

The dij are the distance values between image descriptors computed at two instants i and j on
an image region defined by the object bounding box. Following [164], we use Histograms of
oriented Gradients (HoG) [175] and Histograms of oriented optical Flow relative to the bounding
box (HoF) [180] as image descriptors. In the context of moving cameras we also use Motion
Boundary Histograms (MBH) [233]. More precisely, the object bounding box is divided into
Nrows by Ncols blocks and each pixel participates in the two closest blocks. The distances dij
used in (6.1) can be more precisely defined now:

dij =

Nrows∑
x=1

Ncols∑
y=1

∑
b

|Hx,y
b,i −H

x,y
b,j |, (6.2)

with Hx,y
i,b being the value for bin b, in the descriptor for block with coordinates (x, y) in the

bounding box, at the instant i. An example of a tracking box is presented in Fig. 6.1.

(a)

(b) (c)

(d) (e)

(f)

FIGURE 6.1: Elements of the multi-view tracking method are presented here: (a) In the input
sequences a set of objects are tracked with a bounding box. (b) Using histograms of oriented
gradient (c) or histograms of oriented optical flow (d) self-similarity matrices are estimated
for each tracked object, over the tracking interval. To compare self-similarity matrices we use
both (e) standard histograms of oriented gradient and (f) the log-polar block structure proposed
in [164].

In this work we draw inspiration from [164] where self-similarity matrices are used for action
recognition. The authors show the stability of SSMs over different views and persons for the
same action. To get a fist insight into the representation power of SSMs, Junejo et al. [164]
rely on the notion of “dynamic instances” proposed by Rao et al [214]. The authors argue that
continuities and discontinuities in position, velocity and acceleration of a 3D trajectory of an
object are preserved under 2D projections. In the SSMs, these particular dynamic instances
correspond to valleys of different areas/spreads. The robustness of the SSM representation is
further explored and tested in [164] for different actions and viewpoints. In this work we explore
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the usage of self-similarity matrices as a way to match persons/objects across views based on
their individual dynamics.

As a first example of this, we show self-similarity matrices for 3 basketball players tracked in
time (Fig. 6.2). Visually, it is easy to match person tracking across views based on similarity
matrices.

The question is now how to compare two self-similarity matrices. In [164], Junejo et al. use
patch-based log-polar descriptors. The log-polar descriptors are computed on small patches
around diagonal elements of the SSM. The descriptor structure is shown in figure 6.1(f). For
each block, we compute a normalized histogram of oriented gradient. The final descriptor is the
patch wise concatenation of block histograms.

In [164] the authors only consider local descriptors around diagonal elements, arguing that the
uncertainty of SSM values increase far away from the diagonal. This argument is particularly
valid in the context of action recognition where we try to find the most generic description of
an action and where the action is visible in the entire interval. However, in the context of cross-
view matching of tracked objects, occlusions can be present at various time intervals and in
this case SSM regions far from the diagonal (hence, corresponding to instants that are distant
in time) may contain variations useful for matching. Another argument in this direction comes
from [164] where best results are obtained with larger log-polar patches. So we naturally choose
to associate HoG descriptors over all the SSM to perform the matching.

The final descriptor for self-similarity matrices consists of two sub-vectors. The first is the log-
polar descriptor proposed in [164]. For each element of the diagonal, it consists in a vector of
HOG descriptors computed over each one of the 11 blocks of the polar structure. The second
sub-vector is also a HOG descriptor, but computed on rectangular blocks. For a selected set
of points in the SSM, a HOG descriptor (Fig. 6.1.(e) ) is estimated inside a locally defined
rectangular block (using the same temporal extent as for the polar structure). The set of points
used to compute these descriptors is selected on a regular grid over the SSM. From now on the
SSM descriptor is noted HSSM.

6.4 Multi-view tracking with SSM

6.4.1 Direct object identification

We first present here the simple scenario of cross view identification. We assume m subjects
are tracked in synchronized multi-view video sequences, without overlap or occlusions. The
objective is to match the tracked subjects across views using only their motion.

Using SSMs one can expect to achieve this objective by directly comparing SSM descriptors. If
we noteHi the set of tracks in view i and given a subject ki in view i, finding the good match in
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view j 6= i amounts to solving

z∗j = arg min
zj∈Hj

‖HSSM(zj , I)−HSSM(ki, I)‖2 (6.3)

withHSSM(zj , I)) the gradient based descriptor for the SSMs associated with object zj (a track-
ing hypothesis) on time interval I in view j. This descriptor is the concatenation of HOG and
log-polar block descriptors as previously defined. We note byHj the set of all tracking hypothe-
ses for view j.

(1)

(2)(3)

(?)

Object to match Candidates 
in a different view

(1) (2) (3)SSM

FIGURE 6.2: Hypotheses matching in multi-view tracking using SSMs: in a given view, an
object and the bounding box is used to estimate self-similarity matrices based on gradients
(HOG) and optical flow (HOF). In the second view, different subjects are candidates in the
matching process. It is visually easy to identify the correct hypothesis using the SSMs.

However, this approach is unlikely to work on complex scenarios where tracked subjects have
similar motion. In particular, the assumption regarding the stability of the self-similarity matrix
structure may not be verified. This may not be a critical issue if the subjects have well differ-
entiated motion, but in the general context of tracking, subjects are often performing the same
action (walking, running, etc.). To counterbalance this, we use all the views and all the objects
in the decision process. More precisely we are not any more trying to just match object tracks in
two views, but we are interested in matching all the objects across all the views. First, we note
by m the number of objects we are tracking. We assume that each object is correctly tracked in
each one of the n view. Then, we define the labelling L as the tuple (L1, . . . , Ln) that orders
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tracking hypotheses in the view i as Li = (l1i , . . . , l
m
i ), associating to each object k, the tracking

hypotheses lk1 , . . . , l
k
n, in the views 1, . . . , n respectively. Then, matching tracking hypotheses

between the views comes down to finding the labelling L∗ so that

L∗ = arg min
L

n∑
i=1

n∑
j=i+1

m∑
k=1

‖HSSM(lki , I)−HSSM(lkj , I)‖2,

with lki ∈ Hi and lkj ∈ Hj
s.t ∀i, lki 6= lk

′
i

(6.4)

We note that to avoid the m! equivalent solutions, we fix the label values in the first view, i.e.
∀k, lk1 = k. Since we are considering relatively simple scenarios with few objects, we adopt an
exhaustive search to solve Eq. (6.4).

The first obvious advantage is the constraint of using each hypothesis once. The second ad-
vantage is the matching over all pairs of views. Intuitively, by taking into account more pairs of
views, we increase the chance to have a high similarity between self-similarity matrices on some
of them. The objective is to achieve multi-view information propagation from these views.

The assumptions made here correspond to the simplest scenarios, but the proposed model con-
tains the core idea of multi-view matching with SSMs. In the next section, we build on the
notions presented here to propose a model addressing more complex tracking scenarios.

6.4.2 Multi-view tracking association

We explain here how the ideas developed in the previous section extend to more general situa-
tions. From now on, we only assume to have tracking with possibly overlaps. Image descriptors
are not computed during occlusion intervals and this results in SSMs with zero values at the
corresponding coordinates. Such a situation can be observed in Fig. 6.3 from the occlusions
between the different tracking hypotheses.

The self-similarity matrices must be compared on the entire video sequence. To compare track-
ing hypothesis matrices, the missing values must be taken into account. To this end, we will
not use basic Euclidean distance between SSM descriptors any more, instead we define a new
distance function between two self-similarity matrices. First, the SSM descriptors HSSM(lki , I)

are considered as a vector where each component c has the value Hc
SSM(lki , I) and corresponds

to a value associated with one of the HOG or log-polar histogram bins.

This new distance Dist(lki , l
k′
j ) between the two tracking hypotheses lki and lk

′
j is defined as

follows

Dist(lki , l
k′
j ) =

√∑
c

Dist2c(lki , l
k′
j ) (6.5)
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Hypothesis 1 Hypothesis 2 Hypothesis 3

FIGURE 6.3: SSM computed using HOG and HOF descriptors with zero values (in blue)
during occlusions. We can see how hypothesis 3 corresponds to a tracking hypothesis that has
overlaps with the two other hypotheses.

where

Distc(lki , l
k′
j ) =


|Hc

SSM(lki , I)−Hc
SSM(lk

′
j , I)|, if Hc

SSM(lki , I) and Hc
SSM(lk

′
j , I) are defined

εc(i, j) otherwise.

(6.6)

This means that if the values for the component c are properly estimated for both tracking
hypotheses lki and lk

′
j , then the descriptor distance uses absolute differences between component

values. If the descriptor component is not defined (i.e., the descriptor component represents
an SSM region where an occlusion occurs), the constant value εc(i, j) is used. This constant
represents the minimal distance between tracking hypotheses of views i and j for component c.
The idea here, is that when there is an occlusion, the SSM is non-informative and therefore we
use this minimum distance εc(i, j) to penalize this hypothesis association as little as possible.

In this more complex scenario, many elements can influence the matching process described in
the previous section: A hypothesis that has many occlusions can falsely have a shorter distance to
other views hypotheses due to the compensation constants εc. Another source of errors can come
from views where the similarity between self-similarity matrices describing the same action is
not fully verified.

To take all these elements into account, we propose an energy based model where rather than
minimizing a global distance between pairs of hypothesis associations, we will minimize a
global energy function and each association of hypotheses will contribute by an energy term.
The proposed energy should express the following principles:

Number of frames used to compare hypotheses. Two tracking hypotheses are compared on
the entire sequence and depending on the trajectories and camera positions, this can lead to
several occlusions and thus less information in the SSM. In general, the distance obtained by
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comparing SSMs having fewer missing values, contains more information and should be more
trusted.

Relative distance between tracking hypotheses for two views For a given pair of views, com-
paring two tracking hypotheses should take into account the smallest distance between all pos-
sible trajectory associations. The idea is that this smallest distance gives a good prior on the dis-
tance to expect for matching hypotheses. In this case, one can also expect to model ”how much
the cross-view stability of the SSM is verified”. Indeed, the distances for matching hypothe-
ses should be grouped near this smallest distance, and those corresponding to false hypotheses
associations distributed farther away.

To help express these ideas, we note by

• Fr(lki , l
k′
j ), the number of shared frames for two tracking hypotheses lki and lk

′
j , counting

only frames where both objects are visible and do not overlap with other tracked objects.

• Fri,j , the maximum number of shared frames between all possible tracking hypotheses
lki and lk

′
j .

The smallest distance between all possible hypotheses associations for two views i and j is

Disti,j = min
lki ,l

k′
j

Dist(lki , l
k′
j ), (6.7)

and the standard deviation from this smallest distance is

σ2
i,j =

1

|Hij |
∑
lki ,l

k′
j

(
Disti,j − Dist(lki , l

k′
j ))

)2

, with |Hij | the total number of hypotheses

combinations for views i and j
(6.8)

To solve the multi-view tracking association problem we use the following energy for a given
labelling proposition:

E(L) =

n∑
i=1

n∑
j=i+1

m∑
k=1

exp
(
1−

Fr(lki , l
k
j )

Fri,j

)(Disti,j − Dist(lki , l
k
j )
)2

2σi,j
(6.9)

To solve the multi-view tracking association problem, we find the labelling L∗ that minimizes
the energy function E:

L∗ = arg min
L

E(L), (6.10)

by an exhaustive search over all combinations. This is possible because the number of hypothe-
ses is relatively small. In the case of larger hypothesis sets, a heuristic must be adopted to reduce
the search space.
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6.4.3 Multi-view tracking hypotheses selection

Monocular tracking approaches are extremely sensitive to occlusion and in a multi-view ap-
proach one can use the redundancy of information in different views to improve tracking results.
Recent methods use geometric information to do so through occupancy maps [234] or a 3D
reconstruction of the trajectories. The models described in the previous section can be used to
improve tracking results without requiring any calibration information or appearance similarity.

(a) (b)

FIGURE 6.4: Tracking errors using a recent tracking algorithm from the state of art
(STRUCK [155]). We first show (a) the bounding box used in the first frame then (b) the
tracking failure even in the very simple scenario of player tracking.

Monocular tracking algorithms usually depend on a set of parameters, the most common one
being the size of the search window between two consecutive frames. A good tuning of these
parameters can greatly improve tracking results but there is no way to know a priori which
values are best suited to each dataset. Monocular tracking methods are also very sensitive to
occlusion which can induce identity switches. These errors are not limited to interaction be-
tween different tracked objects, they can also occur when there is a strong resemblance with
background regions (see Fig. 6.4).

If we assume that views are not affected by these issues in the same instants, then tracking can
be greatly improved by means of a hypotheses validation framework. In each view and for each
object, a set of hypothetical tracks are generated. These tracking hypotheses can be obtained us-
ing different monocular trackers with different initializations or tracking parameters (maximum
displacement distance, etc.). They can also be obtained using trained detectors (like a pedestrian
detector). This can be directly translated into the energy based framework, resulting only in an
increased number of hypotheses in each view. We will not only decide which hypotheses should
be matched but we will also eliminate the inconsistent ones.
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6.5 Preliminary results

In this section we present the results in two different datasets. In the first case we have 3 GoPro
cameras placed in an office capturing a dynamic scene from three distant viewpoints. The track-
ing is easily done in this scenario since the subjects keep about the same position. However the
persons are performing different actions. Using self-similarity matrices on the tracking boxes
(see Fig. 6.5), we are able to match the different tracking hypotheses just by using the direct
object identification framework (Eq. 6.4). In this case, direct matching is possible because there
is no occlusion (and overlap is limited) between the different subjects. The comparison can be
performed on the entire video sequence.

FIGURE 6.5: In this multi-view video sequence, 3 persons are playing while keeping a rel-
atively stable position in space. The red rectangle shows the box used to track the subjects.
Since there is no occlusion between the different persons, the direct matching method is able to
match the different tracking hypotheses despite the large discrepancy between the viewpoints.

In the second scenario, we consider a basketball dataset1. In this dataset, we have different view-
points and occlusions occurring at various instants depending on the viewpoint. In each case, we
use ground truth labelling to generate the different tracking hypotheses, as shown by the colored
paths in Fig. 6.6. This dataset illustrates the typical scenario for which the multi-view tracking
framework is designed: large discrepancy between the viewpoints, occlusion between the ob-
jects that leads to different tracking hypotheses. Here the top view (first image in Fig. 6.6) has
no occlusion between the players. It will be used as our ground truth against which hypotheses
selection is performed. We also incorporate the fact that some tracking hypotheses are incom-
patible (two paths for the same object), thereby reducing the search space. To compare SSMs
we use a combination of descriptors defined for three different sizes (10, 20 and 30 frames).
To achieve correct matching and hypotheses selection, both oriented gradient and optical flow
SSMs are used. Using only one of them leads to mismatches in certain views.

The results presented in this section are not sufficient to properly validate the proposed methods,
and further experiments should be conducted. However, this shows the potential of using motion

1http://www.apidis.org/Dataset/
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FIGURE 6.6: Example of a multi-view tracking scenario with hypotheses validation. In the
leftmost image (corresponding to the top view) there is no ambiguity in the tracking, contrary
to the other views. There is no occlusion between the players and this provides the ground
truth trajectories that we try to match in the other views. In the middle and right-most views,
occlusions occur at various instants. If we consider a monocular tracker, these occlusions can
be the source of confusion between the objects. To avoid this, we consider all the possibilities,
resulting in different tracking hypotheses. However, since the challenging events do not occur
at the same instant in all the views, our framework is able to successfully select the appropriate
tracks and match them across the cameras.

as way to address the multi-object tracking in the challenging scenario of uncalibrated multi-
camera setups. Using a representation as simple as self-similarity matrices, we show that it is
possible to match various actions in very different views.

We also note that in the case of moving cameras, the accumulation of errors on the estimation
of the relative optical flow can be detrimental. To avoid this, motion boundary histograms [233]
can be advantageously used to compute self-similarity matrices. Recent developments in action
recognition [235] using descriptors based on motion boundary histograms achieve interesting
results even with a significant amount of camera motion.

6.6 Conclusion

This thesis has been mainly concerned with calibrated multi-view scenarios, but in the course
of this work, the necessity of addressing the non-calibrated setups has appeared, despite the
apparent difficulty of performing object segmentation and tracking in this case. A state of the
art review for both tracking (monocular, multi-view, multi-object) and action representation and
recognition (including gait) showed the limits of existing methods. Particularly in the field of
view-point independent representation of actions, a problem addressed in a very limited number
of works. It is also interesting to see that despite the important work in the domain, tracking
is still a very hard problem and even most recent algorithms struggle to address situations that
may seem “simple”. In this chapter we have explored the usage of self-similarity matrices in
the multi-view hypotheses validation framework for tracking and we have seen that despite its
relative simplicity, this representation method achieves promising results.
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Conclusion

In this thesis we explored novel techniques to produce foreground/background segmentations in
multi-camera setups. Our work was motivated by the objective of proposing new segmentation
approaches to better address the growing scenario of multi-camera capture.

In Chapter 3, we show that geometric consistency constraints can be enforced using a sparse set
of 3D samples. These samples are used in a generative model and foreground/background color
models are estimated using a MAP approach. The method shows that it is possible to achieve
good segmentation results without resorting to 3D reconstruction, depth estimation or epipolar
geometry. The resulting approach is extensively tested on various indoor and outdoor datasets.

The proposed framework is then extended to other color models and modalities (Chapter 4). The
contributions at this level are twofold. First, we derive MAP estimation algorithms in two new
cases using different color models based on variational GMMs and depth cameras. This shows
the generality of the sparse sampling framework. Second, the different tests performed allow us
a better understanding of the multi-view segmentation problem in general, and a clearer framing
of the limitations of our probabilistic approach.

In Chapter 5, we take advantage of the experience built up during the first part of this work,
to propose a new method for the multi-view segmentation problem. Segmentation is cast as
a superpixel labelling problem over time space, and solved with graph-cuts. In the proposed
graph-construction 3D samples still play an important role as a mean to enforce geometric con-
sistency. Using superpixels allows us to directly reason on coherent image regions with a richer
description (using color and texture). Thanks to this new model, more constraints of the seg-
mentation problem are expressed. The method is also naturally extended to the time domain and
tested on multi-view video datasets.

In Chapter 6, we explore the possibilities of tracking in uncalibrated multi-view scenarios. The
main idea is that it is possible to identify and match actions and motions in different points
of view even if the camera calibration is unknown. A model using self-similarity matrices is
proposed and preliminary tests show promising results.

99
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7.1 Perspectives

The perspectives regarding the work presented in this thesis can be divided in short term and
long term objectives. In the short term, many improvements can be considered:

• Using motion in the context of multi-camera segmentation can be further explored. In
this work, we have presented a limited usage of such information but it clearly has the
potential to overcome situations where using appearance only is extremely challenging.

• Another direction that is also mentioned, is to identify the appropriate appearance descrip-
tors to use for multi-view segmentation. In particular, it is not clear if oriented texture
descriptors (using Gabor filters for example) would improve segmentation results.

• Further testing of the proposed validation framework for multi-view tracking must be
performed. A crucial point at this level is to identify the best feature to be used for the
frequential analysis of the movements.

In the long term, there are more challenging objectives that naturally derive from this work:

• One clear direction still left to explore is the multi-object segmentation. This problem
has many challenges, in particular the difficulty to handle multi-object visibility between
different viewpoints. This problem can be even more challenging if we consider situations
where object appearance can strongly vary between the viewpoints. The 3D sampling
approaches can be interestingly applied to this context but a more complex model must
be developed.

• Multi-view segmentation in uncalibrated scenarios is also among the main directions that
are still to be explored. In this case, the main challenge is to identify the appropriate way
to use motion information to relate object regions between the views. Many challenges
exist, in particular if we consider the general case where all the cameras are moving.



Appendix A

Derivation of histogram update
equations

A.1 Scope

This appendix details the derivation of the update equations for the mixture weights πk and the
histograms HF

b and Hi,b representing the color models of the foreground and background in the
views. These equations are numbered (3.26), (3.27) and (3.28).

The maximization of the Q-function, as defined by equation (3.25) of the submission, can be
performed independently on the following terms:

P =
∑
s,k

pks log πk, (A.1)

F =
∑
i,s

pf
s log p(Isi |Θi, ks = f) (A.2)

and

G =
∑
i

[∑
s

pbi
s log p(Isi |Θi, ks = bi)

+λi
∑
p∈RExt

i

log(p(Ipi |Θ
B
i )

]
.

(A.3)

Each term will be maximized using a Lagrange multiplier.
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A.2 Maximizing P

We want to find the set of parameters π = {πk}k∈K that maximizes the term P subject to∑
k

πk = 1. (A.4)

If we define the Lagrange function as

ΛP (π1, π2, ..., λ) = P + λ(
∑
k

πk − 1) (A.5)

and solve the equations
∂

∂πk
ΛP (π1, π2, ..., λ) = 0 (A.6)

we obtain
∂

∂πk
(P + λ(

∑
k

πk − 1)) = 0

∑
s

pks
πk

+ λ = 0

∑
s

pks + λπk = 0.

(A.7)

Summing over k we get

λ = −
∑
s,k

pks = −
∑
s

1 = −N (N number of samples) (A.8)

and replacing λ by its value we obtain

πk =
1

N

∑
s

pks . (A.9)

A.3 Maximizing F

The foreground color model common to all views is represented by a normalized histogramHF .
Denoting by HF

b the bin Isi falls into, we have:

p(Isi |Θi, ks = f) = HF
b (A.10)

hence
F =

∑
b,i

∑
s∈S:Isi ∈b

pf
slog(HF

b ). (A.11)

Using a Lagrange multiplier we look for the new parametrization of the foreground color model
(HF

b values) that maximizes F under the constraint
∑
b

HF
b = 1.
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We define the Lagrange function

ΛF =
∑
b,i

∑
s∈S:Isi ∈b

pf
slog(HF

b ) + λ(
∑
b

HF
b − 1). (A.12)

Solving the equations
∂

∂HF
b

ΛF = 0 (A.13)

we obtain
∂

∂HF
b

(F + λ(
∑
b

HF
b − 1)) = 0

∑
i

∑
s∈S:Isi ∈b

pfs

HF
b

+ λ = 0

∑
i

∑
s∈S:Isi ∈b

pfs + λHF
b = 0.

(A.14)

Summing over the histogram bins b, we get:

λ = −
∑
b

∑
i

∑
s∈S:Isi ∈b

pfs (A.15)

and replacing λ by its value, we obtain the new parametrization of the foreground histogram

HF
b =

∑
i

∑
s∈S:Isi ∈b

pf
s∑

b′

∑
i

∑
s∈S:Isi ∈b′

pf
s

. (A.16)

A.4 Maximizing G

The background color model for view i is represented by a normalized histogramHi,b. Similarly
to the previous section, we denote by Hi,b the bin Isi falls into:

p(Isi |Θi, ks = bi) = Hi,b. (A.17)

Hence,
G =

∑
i

∑
b

∑
s∈S:Isi ∈b

pbi
s log(Hi,b) + λi

∑
p∈RExt

i

log(Hi,b) (A.18)

In this equation, the per-view terms

Gi =
∑
b

∑
s∈S:Isi ∈b

pbi
s log(Hi,b) + λi

∑
p∈RExt

i

log(Hi,b) (A.19)
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can be maximized independently. If we denote by NExt
i,b the number of pixels from RExt

i inside
histogram bin b for view i, then

Gi =
∑
b

∑
s∈S:Isi ∈b

pbi
s log(Hi,b) + λiN

Ext
i,b log(Hi,b). (A.20)

Using a Lagrange multiplier we look for the new parametrization of the background color model
(Hi,b values) for each view i. The new models maximize Gi under the constraint

∑
b

Hi,b = 1.

We define the Lagrange function

ΛGi =
∑
b

∑
s∈S:Isi ∈b

pbi
s log(Hi,b) + λiN

Ext
i,b log(Hi,b)

+λ(
∑
b

Hi,b − 1)
(A.21)

and solving the equations
∂

∂Hi,b
ΛGi = 0 (A.22)

we obtain
∂

∂Hi,b
(Gi + λ(

∑
b

Hi,b − 1)) = 0

∑
s∈S:Isi ∈b

pbi
s + λiN

Ext
i,b

Hi,b
+ λ = 0

∑
s∈S:Isi ∈b

pbi
s + λiN

Ext
i,b + λHi,b = 0.

(A.23)

Summing over the histogram bins b

λ = −
∑
b

∑
s∈S:Isi ∈b

pbi
s + λiN

Ext
i,b (A.24)

and replacing λ by its value, we get the new parametrization for the background histograms

Hi,b =

∑
s∈S:Isi ∈b

(
pbi
s + λiN

Ext
i,b

)
B∑
b′=1

∑
s∈S:Isi ∈b′

(
pbi
s + λiN

Ext
i,b′

) . (A.25)
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Alpes, ZIRST-655, av. de l’Europe, Montbonnot-38334, June 2005. URL http://
lear.inrialpes.fr/pubs/2005/DT05.

[176] Theo Gevers, Joost Van De Weijer, and Harro Stokman. Color feature detection. In
Rastislav Lukac and Konstantinos N. Plataniotis, editors, Color image processing: meth-
ods and applications, volume 9, pages 203–226. CRC press, October 2006. ISBN
978-0-8493-9774-5. doi: 10.1201/9781420009781. URL http://hal.inria.fr/
inria-00548685. GVS06 GVS06.

http://dx.doi.org/10.1023/B:VISI.0000011205.11775.fd
http://dx.doi.org/10.1023/B:VISI.0000011205.11775.fd
http://dx.doi.org/10.1007/3-540-45053-X_3
http://dx.doi.org/10.1007/11744023_32
http://dx.doi.org/10.1007/11744023_32
http://lear.inrialpes.fr/pubs/2005/DT05
http://lear.inrialpes.fr/pubs/2005/DT05
http://hal.inria.fr/inria-00548685
http://hal.inria.fr/inria-00548685


Bibliography 118

[177] AE. Abdel-Hakim and AA Farag. Csift: A sift descriptor with color invariant charac-
teristics. In Computer Vision and Pattern Recognition, 2006 IEEE Computer Society
Conference on, volume 2, pages 1978–1983, 2006. doi: 10.1109/CVPR.2006.95.

[178] B.S. Manjunath and W.Y. Ma. Texture features for browsing and retrieval of image data.
Pattern Analysis and Machine Intelligence, IEEE Transactions on, 18(8):837–842, Aug
1996. ISSN 0162-8828. doi: 10.1109/34.531803.

[179] T. Ojala, M. Pietikainen, and T. Maenpaa. Multiresolution gray-scale and rotation in-
variant texture classification with local binary patterns. Pattern Analysis and Machine
Intelligence, IEEE Transactions on, 24(7):971–987, Jul 2002. ISSN 0162-8828. doi:
10.1109/TPAMI.2002.1017623.

[180] I Laptev, M. Marszalek, C. Schmid, and B. Rozenfeld. Learning realistic human actions
from movies. In Computer Vision and Pattern Recognition, 2008. CVPR 2008. IEEE
Conference on, pages 1–8, June 2008. doi: 10.1109/CVPR.2008.4587756.

[181] Paul Scovanner, Saad Ali, and Mubarak Shah. A 3-dimensional sift descriptor and its
application to action recognition. In Proceedings of the 15th International Conference
on Multimedia, MULTIMEDIA ’07, pages 357–360, New York, NY, USA, 2007. ACM.
ISBN 978-1-59593-702-5. doi: 10.1145/1291233.1291311. URL http://doi.acm.
org/10.1145/1291233.1291311.

[182] Shu Wang, Huchuan Lu, Fan Yang, and Ming-Hsuan Yang. Superpixel tracking. In
Computer Vision (ICCV), 2011 IEEE International Conference on, pages 1323–1330,
Nov 2011. doi: 10.1109/ICCV.2011.6126385.

[183] A Adam, E. Rivlin, and I Shimshoni. Robust fragments-based tracking using the integral
histogram. In Computer Vision and Pattern Recognition, 2006 IEEE Computer Society
Conference on, volume 1, pages 798–805, June 2006. doi: 10.1109/CVPR.2006.256.

[184] Wei He, T. Yamashita, Hongtao Lu, and Shihong Lao. Surf tracking. In Computer
Vision, 2009 IEEE 12th International Conference on, pages 1586–1592, Sept 2009. doi:
10.1109/ICCV.2009.5459360.

[185] David A. Ross, Jongwoo Lim, Ruei-Sung Lin, and Ming-Hsuan Yang. Incremental
learning for robust visual tracking. Int. J. Comput. Vision, 77(1-3):125–141, May 2008.
ISSN 0920-5691. doi: 10.1007/s11263-007-0075-7. URL http://dx.doi.org/
10.1007/s11263-007-0075-7.

[186] Zdenek Kalal, Krystian Mikolajczyk, and Jiri Matas. Tracking-learning-detection. IEEE
Trans. Pattern Anal. Mach. Intell., 34(7):1409–1422, July 2012. ISSN 0162-8828. doi:
10.1109/TPAMI.2011.239. URL http://dx.doi.org/10.1109/TPAMI.2011.
239.

[187] Ming Yang, Ying Wu, and Gang Hua. Context-aware visual tracking. Pattern Analysis
and Machine Intelligence, IEEE Transactions on, 31(7):1195–1209, July 2009. ISSN
0162-8828. doi: 10.1109/TPAMI.2008.146.

[188] H. Grabner, J. Matas, L. Van Gool, and P. Cattin. Tracking the invisible: Learning where
the object might be. In Computer Vision and Pattern Recognition (CVPR), 2010 IEEE
Conference on, pages 1285–1292, June 2010. doi: 10.1109/CVPR.2010.5539819.

http://doi.acm.org/10.1145/1291233.1291311
http://doi.acm.org/10.1145/1291233.1291311
http://dx.doi.org/10.1007/s11263-007-0075-7
http://dx.doi.org/10.1007/s11263-007-0075-7
http://dx.doi.org/10.1109/TPAMI.2011.239
http://dx.doi.org/10.1109/TPAMI.2011.239


Bibliography 119

[189] Thang Ba Dinh, Nam Vo, and G. Medioni. Context tracker: Exploring supporters and
distracters in unconstrained environments. In Computer Vision and Pattern Recognition
(CVPR), 2011 IEEE Conference on, pages 1177–1184, June 2011. doi: 10.1109/CVPR.
2011.5995733.

[190] Chang Huang, Bo Wu, and Ramakant Nevatia. Robust object tracking by hierarchical
association of detection responses. In Proceedings of the 10th European Conference on
Computer Vision: Part II, ECCV ’08, pages 788–801, Berlin, Heidelberg, 2008. Springer-
Verlag. ISBN 978-3-540-88685-3. doi: 10.1007/978-3-540-88688-4 58. URL http:
//dx.doi.org/10.1007/978-3-540-88688-4_58.

[191] AG.A Perera, C. Srinivas, A Hoogs, G. Brooksby, and Wensheng Hu. Multi-object track-
ing through simultaneous long occlusions and split-merge conditions. In Computer Vision
and Pattern Recognition, 2006 IEEE Computer Society Conference on, volume 1, pages
666–673, June 2006. doi: 10.1109/CVPR.2006.195.

[192] Hao Jiang, S. Fels, and J.J. Little. A linear programming approach for multiple object
tracking. In Computer Vision and Pattern Recognition, 2007. CVPR ’07. IEEE Confer-
ence on, pages 1–8, June 2007. doi: 10.1109/CVPR.2007.383180.

[193] Li Zhang, Yuan Li, and R. Nevatia. Global data association for multi-object tracking
using network flows. In Computer Vision and Pattern Recognition, 2008. CVPR 2008.
IEEE Conference on, pages 1–8, June 2008. doi: 10.1109/CVPR.2008.4587584.

[194] Stefan Roth. Discrete-continuous optimization for multi-target tracking. In Proceed-
ings of the 2012 IEEE Conference on Computer Vision and Pattern Recognition (CVPR),
CVPR ’12, pages 1926–1933, Washington, DC, USA, 2012. IEEE Computer Soci-
ety. ISBN 978-1-4673-1226-4. URL http://dl.acm.org/citation.cfm?id=
2354409.2354941.

[195] R.T. Collins. Multitarget data association with higher-order motion models. In Computer
Vision and Pattern Recognition (CVPR), 2012 IEEE Conference on, pages 1744–1751,
June 2012. doi: 10.1109/CVPR.2012.6247870.

[196] Chris J. Needham and Roger D. Boyle. Tracking multiple sports players through occlu-
sion, congestion and scale. In British Machine Vision Conference, pages 93–102, 2001.

[197] Yizheng Cai, Nando de Freitas, and James J. Little. Robust visual tracking for multiple
targets. In Proceedings of the 9th European Conference on Computer Vision - Volume
Part IV, ECCV’06, pages 107–118, Berlin, Heidelberg, 2006. Springer-Verlag. ISBN 3-
540-33838-1, 978-3-540-33838-3. doi: 10.1007/11744085 9. URL http://dx.doi.
org/10.1007/11744085_9.

[198] Wei-Lwun Lu, Jo-Anne Ting, K.P. Murphy, and J.J. Little. Identifying players in broad-
cast sports videos using conditional random fields. In Computer Vision and Pattern
Recognition (CVPR), 2011 IEEE Conference on, pages 3249–3256, June 2011.

[199] Junliang Xing, Haizhou Ai, Liwei Liu, and Shihong Lao. Multiple player tracking in
sports video: A dual-mode two-way bayesian inference approach with progressive obser-
vation modeling. Image Processing, IEEE Transactions on, 20(6):1652–1667, June 2011.
ISSN 1057-7149. doi: 10.1109/TIP.2010.2102045.

[200] S. Pellegrini, A Ess, K. Schindler, and L. Van Gool. You’ll never walk alone: Modeling
social behavior for multi-target tracking. In Computer Vision, 2009 IEEE 12th Interna-
tional Conference on, pages 261–268, Sept 2009. doi: 10.1109/ICCV.2009.5459260.

http://dx.doi.org/10.1007/978-3-540-88688-4_58
http://dx.doi.org/10.1007/978-3-540-88688-4_58
http://dl.acm.org/citation.cfm?id=2354409.2354941
http://dl.acm.org/citation.cfm?id=2354409.2354941
http://dx.doi.org/10.1007/11744085_9
http://dx.doi.org/10.1007/11744085_9


Bibliography 120

[201] W. Brendel, M. Amer, and S. Todorovic. Multiobject tracking as maximum weight inde-
pendent set. In Computer Vision and Pattern Recognition (CVPR), 2011 IEEE Conference
on, pages 1273–1280, June 2011. doi: 10.1109/CVPR.2011.5995395.

[202] Jingchen Liu, P. Carr, R.T. Collins, and Yanxi Liu. Tracking sports players with context-
conditioned motion models. In Computer Vision and Pattern Recognition (CVPR), 2013
IEEE Conference on, pages 1830–1837, June 2013. doi: 10.1109/CVPR.2013.239.

[203] J. Krumm, S. Harris, B. Meyers, B. Brumitt, M. Hale, and S. Shafer. Multi-camera multi-
person tracking for easyliving. In Visual Surveillance, 2000. Proceedings. Third IEEE
International Workshop on, pages 3–10, 2000. doi: 10.1109/VS.2000.856852.

[204] Ivana Mikic, Simone Santini, and Ramesh Jain. Video processing and integration from
multiple cameras. In In Proceedings of the 1998 Image Understanding Workshop,
Morgan-Kaufman, pages 183–187. Cambridge University Press, 1998.

[205] J. Black, T. Ellis, and P. Rosin. Multi view image surveillance and tracking. In Motion
and Video Computing, 2002. Proceedings. Workshop on, pages 169–174, Dec 2002. doi:
10.1109/MOTION.2002.1182230.

[206] K. Otsuka and N. Mukawa. Multiview occlusion analysis for tracking densely populated
objects based on 2-d visual angles. In Computer Vision and Pattern Recognition, 2004.
CVPR 2004. Proceedings of the 2004 IEEE Computer Society Conference on, volume 1,
pages I–90–I–97 Vol.1, June 2004. doi: 10.1109/CVPR.2004.1315018.

[207] Anurag Mittal and Larry S. Davis. M2tracker: A multi-view approach to segmenting
and tracking people in a cluttered scene using region-based stereo. In Proceedings of the
7th European Conference on Computer Vision-Part I, ECCV ’02, pages 18–36, London,
UK, UK, 2002. Springer-Verlag. ISBN 3-540-43745-2. URL http://dl.acm.org/
citation.cfm?id=645315.649473.

[208] D. Beymer. Person counting using stereo. In Human Motion, 2000. Proceedings. Work-
shop on, pages 127–133, 2000. doi: 10.1109/HUMO.2000.897382.

[209] D.B. Yang, H.H. Gonzalez-Banos, and L.J. Guibas. Counting people in crowds with
a real-time network of simple image sensors. In Computer Vision, 2003. Proceedings.
Ninth IEEE International Conference on, pages 122–129 vol.1, Oct 2003. doi: 10.1109/
ICCV.2003.1238325.

[210] J. Berclaz, F. Fleuret, E. Turetken, and P. Fua. Multiple object tracking using k-shortest
paths optimization. Pattern Analysis and Machine Intelligence, IEEE Transactions on,
33(9):1806–1819, Sept 2011. ISSN 0162-8828. doi: 10.1109/TPAMI.2011.21.

[211] C.J. Veenman, M. J T Reinders, and E. Backer. Resolving motion correspondence for
densely moving points. Pattern Analysis and Machine Intelligence, IEEE Transactions
on, 23(1):54–72, Jan 2001. ISSN 0162-8828.

[212] K. Shafique and M. Shah. A noniterative greedy algorithm for multiframe point corre-
spondence. Pattern Analysis and Machine Intelligence, IEEE Transactions on, 27(1):
51–65, Jan 2005. ISSN 0162-8828. doi: 10.1109/TPAMI.2005.1.

[213] R. Hamid, R.K. Kumar, M. Grundmann, Kihwan Kim, I Essa, and J. Hodgins. Player
localization using multiple static cameras for sports visualization. In Computer Vision
and Pattern Recognition (CVPR), 2010 IEEE Conference on, pages 731–738, June 2010.
doi: 10.1109/CVPR.2010.5540142.

http://dl.acm.org/citation.cfm?id=645315.649473
http://dl.acm.org/citation.cfm?id=645315.649473


Bibliography 121

[214] Cen Rao, Alper Yilmaz, and Mubarak Shah. View-invariant representation and recog-
nition of actions. Int. J. Comput. Vision, 50(2):203–226, November 2002. ISSN 0920-
5691. doi: 10.1023/A:1020350100748. URL http://dx.doi.org/10.1023/A:
1020350100748.

[215] T. Syeda-Mahmood, A Vasilescu, and S. Sethi. Recognizing action events from multiple
viewpoints. In Detection and Recognition of Events in Video, 2001. Proceedings. IEEE
Workshop on, pages 64–72, 2001. doi: 10.1109/EVENT.2001.938868.

[216] Yuping Shen and H. Foroosh. View-invariant action recognition using fundamental ratios.
In Computer Vision and Pattern Recognition, 2008. CVPR 2008. IEEE Conference on,
pages 1–6, June 2008. doi: 10.1109/CVPR.2008.4587755.

[217] Ali Farhadi and Mostafa Kamali Tabrizi. Learning to recognize activities from the wrong
view point. In Proceedings of the 10th European Conference on Computer Vision: Part
I, ECCV ’08, pages 154–166, Berlin, Heidelberg, 2008. Springer-Verlag. ISBN 978-
3-540-88681-5. doi: 10.1007/978-3-540-88682-2 13. URL http://dx.doi.org/
10.1007/978-3-540-88682-2_13.

[218] Jingen Liu, M. Shah, B. Kuipers, and S. Savarese. Cross-view action recognition via view
knowledge transfer. In Proceedings of the 2011 IEEE Conference on Computer Vision
and Pattern Recognition, CVPR ’11, pages 3209–3216, Washington, DC, USA, 2011.
IEEE Computer Society. ISBN 978-1-4577-0394-2. doi: 10.1109/CVPR.2011.5995729.
URL http://dx.doi.org/10.1109/CVPR.2011.5995729.

[219] R. Cutler and L.S. Davis. Robust real-time periodic motion detection, analysis, and ap-
plications. Pattern Analysis and Machine Intelligence, IEEE Transactions on, 22(8):
781–796, Aug 2000. ISSN 0162-8828. doi: 10.1109/34.868681.

[220] Chiraz BenAbdelkader, Ross G. Cutler, and Larry S. Davis. Gait recognition using image
self-similarity. EURASIP J. Appl. Signal Process., 2004:572–585, January 2004. ISSN
1110-8657. doi: 10.1155/S1110865704309236. URL http://dx.doi.org/10.
1155/S1110865704309236.

[221] Gunnar Johansson. Visual perception of biological motion and a model for its analysis.
Perception & Psychophysics, 14(2):201–211, 1973. ISSN 0031-5117. doi: 10.3758/
BF03212378. URL http://dx.doi.org/10.3758/BF03212378.

[222] S. V. Stevenage, M. S. Nixon, and K. Vince. Visual analysis of gait as a cue to identity.
Applied Cognitive Psychology, 13(6), 1999.

[223] Chewyean Yam, Mark S. Nixon, and John N. Carter. Gait recognition by walking and
running: a model-based approach. In In Asian Conference on Computer Vision, pages
1–6, 2002.

[224] R. Urtasun and P. Fua. 3d tracking for gait characterization and recognition. In Automatic
Face and Gesture Recognition, 2004. Proceedings. Sixth IEEE International Conference
on, pages 17–22, May 2004. doi: 10.1109/AFGR.2004.1301503.

[225] J. Han and B. Bhanu. Individual recognition using gait energy image. Pattern Analysis
and Machine Intelligence, IEEE Transactions on, 28(2):316–322, Feb 2006. ISSN 0162-
8828. doi: 10.1109/TPAMI.2006.38.

http://dx.doi.org/10.1023/A:1020350100748
http://dx.doi.org/10.1023/A:1020350100748
http://dx.doi.org/10.1007/978-3-540-88682-2_13
http://dx.doi.org/10.1007/978-3-540-88682-2_13
http://dx.doi.org/10.1109/CVPR.2011.5995729
http://dx.doi.org/10.1155/S1110865704309236
http://dx.doi.org/10.1155/S1110865704309236
http://dx.doi.org/10.3758/BF03212378


Bibliography 122

[226] T. Kobayashi and N. Otsu. Action and simultaneous multiple-person identification using
cubic higher-order local auto-correlation. In Pattern Recognition, 2004. ICPR 2004. Pro-
ceedings of the 17th International Conference on, volume 4, pages 741–744 Vol.4, Aug
2004. doi: 10.1109/ICPR.2004.1333879.

[227] Yasushi Makihara, Ryusuke Sagawa, Yasuhiro Mukaigawa, Tomio Echigo, and Yasushi
Yagi. Gait recognition using a view transformation model in the frequency domain. In
Proceedings of the 9th European Conference on Computer Vision - Volume Part III,
ECCV’06, pages 151–163, Berlin, Heidelberg, 2006. Springer-Verlag. ISBN 3-540-
33836-5, 978-3-540-33836-9. doi: 10.1007/11744078 12. URL http://dx.doi.
org/10.1007/11744078_12.

[228] Chen Wang, Junping Zhang, Liang Wang, Jian Pu, and Xiaoru Yuan. Human identifica-
tion using temporal information preserving gait template. Pattern Analysis and Machine
Intelligence, IEEE Transactions on, 34(11):2164–2176, Nov 2012. ISSN 0162-8828. doi:
10.1109/TPAMI.2011.260.

[229] Khalid Bashir, Tao Xiang, and Shaogang Gong. Bashir et al.: Gait representation using
flow fields 1 gait representation using flow fields, 2009.

[230] Gait flow image: A silhouette-based gait representation for human identification. Pattern
Recognition, 44(4):973 – 987, 2011.

[231] Y. Makihara, B.S. Rossa, and Y. Yagi. Gait recognition using images of oriented smooth
pseudo motion. In Systems, Man, and Cybernetics (SMC), 2012 IEEE International Con-
ference on, pages 1309–1314, Oct 2012. doi: 10.1109/ICSMC.2012.6377914.

[232] Stephen Lombardi, Ko Nishino, Yasushi Makihara, and Yasushi Yagi. Two-point gait:
Decoupling gait from body shape. In Proceedings of the 2013 IEEE International Con-
ference on Computer Vision, ICCV ’13, pages 1041–1048, Washington, DC, USA, 2013.
IEEE Computer Society. ISBN 978-1-4799-2840-8. doi: 10.1109/ICCV.2013.133. URL
http://dx.doi.org/10.1109/ICCV.2013.133.

[233] Navneet Dalal, Bill Triggs, and Cordelia Schmid. Human detection using oriented his-
tograms of flow and appearance. In Proceedings of the 9th European Conference on
Computer Vision - Volume Part II, ECCV’06, pages 428–441, Berlin, Heidelberg, 2006.
Springer-Verlag. ISBN 3-540-33834-9, 978-3-540-33834-5. doi: 10.1007/11744047 33.
URL http://dx.doi.org/10.1007/11744047_33.
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[235] Heng Wang, Alexander Kläser, Cordelia Schmid, and Cheng-Lin Liu. Dense trajecto-
ries and motion boundary descriptors for action recognition. Research Report RR-8050,
INRIA, August 2012. URL http://hal.inria.fr/hal-00725627.

http://dx.doi.org/10.1007/11744078_12
http://dx.doi.org/10.1007/11744078_12
http://dx.doi.org/10.1109/ICCV.2013.133
http://dx.doi.org/10.1007/11744047_33
http://hal.inria.fr/hal-00725627

	Résumé
	Abstract
	Contents
	List of Figures
	List of Tables
	1 Introduction
	1.1 Motivation
	1.2 Thesis outline
	1.3 Main contributions
	1.4 Publications

	2 State of the art - Multi-view segmentation
	2.1 Monocular segmentation
	2.2 Cosegmentation
	2.3 Multi-view segmentation
	2.4 Conclusion

	3 Sparse Multi-View Consistency for Object Segmentation
	3.1 Introduction
	3.2 Proposed approach
	3.3 Probabilistic Model
	3.4 Estimation Algorithm
	3.5 Final segmentation
	3.6 Experimental results
	3.6.1 Case study
	3.6.2 Qualitative validation
	3.6.3 Quantitative evaluations

	3.7 Discussion
	3.8 Conclusion

	4 Extension to other color models and others modalities
	4.1 Introduction
	4.2 Multi-view Segmentation with GMMs
	4.2.1 Variational mixture of Gaussians
	4.2.2 Color GMM as appearance model for multi-view segmentation
	4.2.3 Results using Bayesian Gaussian mixture model
	4.2.4 Discussion on using GMMs

	4.3 Multi-view Segmentation with range cameras
	4.3.1 Related work
	4.3.2 Principle
	4.3.3 Depth-sensor enabled model
	4.3.4 Evaluation of depth contribution
	4.3.5 Discussion on using depth information

	4.4 Conclusion

	5 Multi-view graph cut for object segmentation
	5.1 Introduction
	5.2 Related work in video segmentation
	5.3 Principle
	5.4 Formulation
	5.4.1 MRF Energy Principles
	5.4.2 Intra-view appearance terms
	5.4.3 Inter-view geometric consistency terms
	5.4.4 Time consistency terms
	5.4.5 MRF energy and graph construction

	5.5 Computational approach
	5.6 Experimental Results
	5.6.1 Qualitative results
	5.6.2 Quantitative and Comparative results
	5.6.3 Video segmentation results

	5.7 Conclusion

	6 Tracking with uncalibrated cameras
	6.1 Introduction
	6.2 Related work
	6.3 View invariant motion description with self-similarity matrix
	6.4 Multi-view tracking with SSM
	6.4.1 Direct object identification
	6.4.2 Multi-view tracking association
	6.4.3 Multi-view tracking hypotheses selection

	6.5 Preliminary results
	6.6 Conclusion

	7 Conclusion
	7.1 Perspectives

	A Derivation of histogram update equations
	A.1 Scope
	A.2 Maximizing P
	A.3 Maximizing F
	A.4 Maximizing G

	Bibliography

