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Resumo

Até aos dias de hoje o processo de captura de imagens digitais tem-se baseado sempre no
mesmo principio, em que cada elemento da imagem é uma amostra discreta, no espago
e no tempo, da realidade continua a capturar. Contudo, as imagens digitais sdo uma
amostra muito limitada da realidade que representam, dando apenas uma impressao 2D
da disposi¢ao 3D dos objectos. Este processo limitado de captura é fonte de problemas
em inumeras aplicacoes, desde a pds-producao cinematografica a realidade virtual, passando
pelos formatos video baseados na codificagao de objectos e pela inspec¢ao industrial. Embora
diversas técnicas tenham sido desenvolvidas para ultrapassar estes problemas, a verdade é
que todas elas se baseiam na estimacgao de dados que simplemente nao foram capturados e,
por isso, estao desde logo limitadas na qualidade que podem atingir. A captura de informacao

adicional surge como a solucao mais natural para ultrapassar estes problemas.

Sendo a segmentacao de uma imagem uma operacao recorrente nas mais diversas areas, e
de cujo desempenho depende fortemente o desempenho das operagoes subsequentes, o seu
estudo torna-se obrigatério. A informagao de profundidade sincrona com a informagao da
cor devera permitir atingir desempenhos significativamente superiores aos possiveis com as

técnicas actuais, viabilizando toda uma série de novas aplicagoes.

Esta dissertacao concentra-se no estudo de técnicas de segmentacao de imagem assistidas
por metadados. Em particular, investiga-se a utilizacado de informacao de profundidade
e movimento para melhorar a qualidade das segmentacoes de imagens a cores. Partindo
de técnicas primitivas de fusdo da cor e da profundidade, o trabalho evolui para técnicas
mais ricas, com a modelagao conjunta da cor e profundidade; este método é extendido para
tratar de forma conveniente o ruido tipicamente presente na informacao de profundidade
em condigoes reais. Posteriormente é proposta uma abordagem alternativa, na qual a
profundidade é utilizada para fornecer uma estimativa grosseira dos objectos na imagem,
e a cor é utilizada de seguida para atingir uma segmentacao de qualidade, executando uma
segmentagao guiada a partir das estimativas dos objectos. O estudo é finalizado com a

integracao de informacgao de movimento nas técnicas mais promissoras.

Como uma avaliagdo justa de um algoritmo de segmentagdo requere uma métrica apro-
priada, esse trabalho é precedido por um estudo preliminar sobre métricas para comparar
segmentagoes de imagens. O desempenho insuficiente das métricas existentes conduziu a
uma investigacao exaustiva de novas solucoes, culminando na redescoberta das medidas
baseadas no grafo-interseccao de duas segmentacoes, e na sua introducao a comunidade de

processamento e andlise de imagem pela primeira vez.

Apresentam-se varios casos de estudo para evidenciar a validade das métricas propostas e

das técnicas de segmentacao de imagens assistidas por metadados.

Palavras-chave: segmentacao de imagem, avaliagao objectiva da qualidade da segmentacao,

fusao de dados, metadados, informacao de profundidade, informacao de movimento






Abstract

For over a century the process of capturing electronic images has remained virtually un-
changed, with each pixel in the image being a discrete sample of the spatial and temporal
continuum being photographed. In a conventional camera, the only recorded information
for each pixel is position and colour. The fact is that captured images remain very limited
samples of the scene they represent, only giving a 2D impression of the 3D spatial build-
up of the scene. This primitive process of capture is the cause of problems in a myriad
of applications, ranging from the film and television post-production to virtual reality, or
object-based video formats and industrial inspection. Although much effort has been put
into surmounting these problems, all these approaches are based on the estimation of data
that is simply not included in the discrete samples provided by digital images, and so are
limited in the quality they can provide. The capture of additional data is a step forward to

address these problems.

The study of enhanced image segmentation techniques is critical given that image segmen-
tation is an ubiquitous operation, spanning a large set of applications, and that subsequent
processes rely heavily on its performance. The availability of additional data that is syn-
chronous with colour information should significantly boost the performance of current state

of the art techniques, fostering a whole class of new applications.

This dissertation focuses on the study of image segmentation techniques assisted by meta-
data. In particular, the use of depth and motion information to improve the quality of
segmentations of colour images is investigated. Starting from primitive fusion approaches
for colour and depth, the work evolves to richer techniques, with the joint modelling of
colour and depth information; the the method is further extended to conveniently handle
the noise typical of real-life depth data. Next, an alternative approach is presented, where
depth is used for providing a crude identification of the objects in the image and colour is
then used to attain high-quality borders, performing a guided image segmentation starting
from the crude seeds obtained from the depth information. The study is concluded with the

integration of motion information in the most promising fusion techniques.

Because a fair judgment of any new image segmentation algorithm needs a fair comparison
metric, a preliminary study on metrics for comparing image segmentations was conducted in
the first place. The poor performance of existing measures led to an exhaustive investigation
on new solutions, culminating on the rediscover of the metrics based on the intersection-
graph of two segmentations and on their introduction to the image engineering community
for the first time.

In the numerous experiments that are reported, experimental evidence of the adequacy of

the metrics and enhanced images segmentation techniques is provided.

Keywords: image segmentation, objective evaluation of segmentation quality, data fusion,

metadata, depth information, motion information






Résumé

Jusqu’a aujourd’hui, le processus de capture d’images digitales a toujours été basé sur le
méme principe, selon lequel chaque élément de 'image est un échantillon discret dans ’espace
et dans le temps, de la réalité continue a capturer. Néanmoins, les images digitales ne
sont qu’un échantillon tres limité de la réalité qu’ils représentent, donnant seulement une
impression 2D de la disposition 3D des objets. Ce processus limité de capture est source
de problemes dans d’innombrables applications, de la postproduction cinématographique
a la réalité virtuelle, en passant par les formats vidéo basés sur la codification d’objets
et par l'inspection industrielle. Bien que de diverses techniques aient été développées pour
dépasser ces problemes, la vérité est qu’elles se basent toutes sur I’estimation de données qui,
simplement, n’ont pas été capturées, et donc sont limitées dans la qualité qu’elles peuvent
atteindre. La capture d’informations supplémentaires apparait comme la solution la plus

naturelle pour dépasser ces problemes.

Parce que la segmentation d’une image est une opération récurrente dans les plus divers
secteurs, et de qui la performance des opérations subséquentes dépend fortement, son étude
se rend obligatoire. L’information de profondeur synchrone avec I'information de la couleur
devra permettre d’atteindre des performances significativement supérieures a celles possibles

avec les techniques actuelles, ouvrant toute une série de nouvelles applications.

Cette dissertation se concentre sur I’étude de techniques de segmentation d’images assistées
par des metadata. En particulier, 'utilisation d’informations de profondeur et de mouvement
pour améliorer la qualité des segmentations des images en couleur est investiguée. En
partant de techniques primitives de fusion des informations couleur et profondeur, le travail
évolue pour des techniques plus riches, avec la modélisation commune de la couleur et de la
profondeur; la méthode est prolongée pour traiter de fagon rigoureuse le bruit typiquement
présent dans les informations de profondeur dans des conditions réelles. Ultérieurement,
un abordage alternatif est proposé, dans lequel la profondeur est utilisée pour fournir une
estimation grossiere des objets dans 'image, et la couleur est utilisée ensuite pour obtenir
des frontieres de qualité élevée, exécutant une segmentation guidée a partir des estimations
des objets extraits préalablement. L’étude continue avec le prolongement des techniques de

fusion les plus prometteuses pour incorporer information de mouvement.

Comme une évaluation juste d’un algorithme de segmentation a besoin d’une métrique
appropriée, ce travail est précédé par une étude préliminaire sur les métriques pour comparer
des segmentations d’images. La performance insuffisante des métriques existantes a conduit a
une recherche exhaustive de nouvelles solutions, culminant dans la redécouverte des mesures
basées sur la grapho-intersection de deux segmentations, les introduisant pour la premiere

fois a la communauté de traitement et d’analyse d’image.

Plusieurs cas d’étude sont présentés pour rendre évidente la validité des métriques proposées

et des techniques de segmentation d’images assistées par des metadata.

Mots-clés: segmentation d’image, évaluation objective de la qualité de la segmentation,

fusion de données, metadata, information de profondeur, information de mouvement






Preface

In the beginning... was the MetaVision project. A project proposing an innovative electronic
production system to reduce the cost of film production and to allow more artistic flexibility
in shooting and film editing. It also provided the enabling technology for the integration
of real and virtual images at source quality for film production and in TV studios in the
compressed domain. A key feature in the MetaVison system is a depth sensor, which provides
valuable metadata to aid many post-production processes. A second enhancement of the
capture system is the high temporal resolution sensor, further improving the accuracy and
quality of subsequent processes. Some of the longer term objectives of the MetaVision project
comprise the investigation of how the metadata generated within the MetaVision system can
be applied to improve the efficiency of key operations. This was the starting point of this

thesis.

Embracing the challenge triggered by the novel MetaVision system, we investigate the use of
depth information to assist image segmentation. Depth, because it starts to make sense even
in scenarios different from those put forward by MetaVision; image segmentation, because
it has long been recognized as one of the most critical steps for automated analysis and is
becoming an increasingly important image processing step for numerous applications. All
subsequent interpretation tasks like feature extraction, object recognition, and classification

depend largely on the quality of the segmentation output.

The main thrust of this text is thus image segmentation. Our intend has been to present
the learned lessons and the main breakthroughs that were accomplished in this four-year

journey. I trust that you find reading this text a worthwhile investment.
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Chapter 1

Introduction

When we consider what is happening when an electronic image is captured, we note that
each pixel in that image is a discrete sample of the spatial and temporal continuum being
photographed. It is a sample in spatial terms (it describes a specific x, y position, or more
exactly, a particular direction of view) but it also represents a temporal sample. In fact, we
can say that the pixel point contains spatial position, direction of view, illumination level,
colour sample, temporal integration over a given shutter time, depth in the scene represented
by the pixel and direction of motion of the pixel content with time. In a conventional
camera, the only recorded information for each pixel is position and colour values. The
fact is that captured images remain very limited samples of the scene they represent. The

two-dimensional image only gives an impression of the spatial build-up of the scene. [1]

The problems begin when, for example, the frame-rate of the presentation requires intermedi-
ate images, or when an element needs to be added to the image in a seemingly correct location
in 3D space. Among the many growing applications fields demanding such operations are film
and television post-production, object-based video formats, human computer interaction,

industrial inspection and virtual reality, to name just a few.

Much effort has been put into surmounting these problems. Interpolation algorithms seek to
fill in the missing temporal information. 3D information can be recovered and continuously
refined, using information cues such as structure-from-motion or structure-from-shading.
Nevertheless, all these approaches are based on the estimation of data that is simply not
included in the discrete samples provided by digital images, and so are limited in the quality

they can achieve. [1]

The capture of additional data is a step forward to address these problems. The European
project MetaVision [2] carried out a survey into possible methods for capturing depth

information, details of which can be found in [3,4]. Time-of-flight principle cameras are now
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uncalibrated sequence
offimages
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1) feature extraction
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3) camera parameters

iterate calibrated sequence of images

depth estimation
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analysis:

1) image segmentation

2) video segmentation

3) video clip segmentation

Figure 1.1: System overview for enhanced operations from simple colour sequences.

becoming available (see for example [5-8]). These recent low-cost 3D sensors are capable
of real-time 3D acquisition. European projects, like MetaVision [9] have also investigated
how to capture and record additional data and how to use it to assist the post-production
workflow. Multimodal techniques based on the joint processing of colour and depth data are

going to gain momentum.

The capture of additional information is not the only scenario where the processing of depth
data synchronously with colour information is an opportunity. Another stimulus comes
from the availability of techniques that build up and continuously refine a 3D model of a
scene using information cues such as structure-from-motion, structure-from-shading, stereo
information, etc [10]. These model based techniques are particularly suited when the physical
objects in the 3D scene represent the content we are interested in. Model-based analysis of
video sequences has been shown to be a promising approach for various applications like
video coding, object tracking and object recognition. Under these techniques an initial
model is extracted from the first frames of the sequence and is continuously refined and
updated along the image sequence. The recovered 3D motion and depth information allows
to perform enhanced operations over the sequence such as to manipulate and separate objects

in the scene, image and video segmentation, etc (see figure 1.1).
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1.1 Motivation

The availability of the additional depth data captured synchronously with colour information
gives rises to new and exciting areas of research. Besides the already referred, compression
video formats are also among the applications that can, potentially, benefit from this depth
data. Object based video formats, as MPEG-4, are the obvious answer. We could use the
depth data to improve the segmentation of images to enable low bit-rate coding using MPEG-
4: a low-resolution depth signal would be sufficient to identify parts of the scene that should
be encoded with higher quality, or that would be appropriate for encoding using tools such as
sprites. In another scenario, depth information could be used to select the important areas
of a scene that will be represented as arbitrary-shaped video objects, with the remainder of
the scene being represented as, for example, a sprite object. Camera motion data could be
used to control the sprite position. This method of encoding could be compared with non-
object-based encoding to see whether there is an improvement in coding efficiency. Although
similar tests have been carried out in the development of the MPEG-4 standard, it is worth
noting that the required shape signals have often been derived by a process requiring a lot

of manual intervention [2].

We aim at investigating the use of depth data to allow the development of better image
segmentation algorithms that might be able to enhance subsequent operations. Note that
depth information alone is insufficient for general object segmentation, since it is typically
too noisy to provide a useful segmentation; moreover objects of interest will often be on the
ground, and any simple segmentation technique applied to the depth signal will inevitably
select regions of ground as well. When processing a sequence of images, the computed
segmentation can be improved by exploiting the temporal dependence of consecutive frames

to derive additional metadata in the form of motion information.

1.2 Landscape of image segmentation algorithms?

Image segmentation is the first important process in innumerous applications, with subse-
quent processes relying heavily on its performance. It partitions the image into different
meaningful regions with homogeneous characteristics using discontinuities or similarities of
image components. In most cases, the segmentation of colour images demonstrated to be
more useful than the segmentation of monochrome images, because colour images expresses

much more image features than monochrome images.

According to the usage of prior knowledge of the image, colour images can be segmented

in an unsupervised or supervised way. The former attempts to construct the “natural

$The following introduction to image segmentation is based largely on [11,12].
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grouping” of the image without using any prior knowledge. The latter, however, separates
the image based on the sample of the object colours. The unsupervised segmentation is
widely used in the applications where the image features are unknown, such as natural scene
understanding, satellite image analysis, etc. The supervised segmentation is commonly used
in the applications where the sample of the object colours can be acquired in advance, e. g.,

object tracking, face/gesture recognition, and image retrieval, etc.

1.2.1 Unsupervised segmentation

The spatial compactness and colour homogeneity are two desirable properties in unsupervised
segmentation, which lead to image-domain and feature-space based segmentation techniques.
According to the strategy of spatial grouping, image-domain techniques include split-and-
merge, region growing and edge detection techniques. There have been extensive studies on
them in the literature. In [13], the Markov random field (MRF) is defined in the quad-tree
structure to represent the continuity of colour regions in the process of split-and-merge.
In [14], splitting and merging phases are operated by the watershed transform and self-
organizing map (SOM), respectively. Zhu developed a segmentation algorithm named as
“Region Competition” in [15]. It combines the global optimization methods (snakes/balloons
and region growing) to guarantee the convergence of global optima. Manjunath [16] defined
the J-image using local windows in a quantized class-map. The high and low values in J-
images correspond to possible boundaries and centers of the regions. The minimum vector
dispersion (MVD) operator is proposed to reduce the colour vector to a scalar value in [17].
It is a bias free operator for step edges which produces a strong response for true ramp edges.
A circular compass operator is proposed to detect colour edges in [18]. The orientation of
‘needle’ with the maximum difference indicates the edge direction, and its magnitude yields

a measure of edge strength.

In feature-space based techniques, image segmentation is accomplished by exploiting the ho-
mogeneous regions in feature space. The common techniques include histogram thresholding
and colour clustering. The histogram thresholding is a technique that seeks the peaks or
valleys in 3 colour histograms or a three-dimensional (3D) histogram. The HSV histograms
are used for the segmentation of colour image in [19]. The achromatic regions are determined
by the saturation values, and the remaining chromatic regions are segmented by thresholding
the peaks of hue histogram. A 3D colour histogram is built by L*u*v* colour components

in [20]. The valleys of colour histogram are identified by the watershed algorithm.

The nonparametric clustering is a promising solution in colour clustering. The standard
techniques can be categorized as hierarchical or partitional clustering [21]. In hierarchi-
cal clustering, only local neighbours involve the cluster merging/splitting by the form of

dendrograms. The global knowledge of clusters is not incorporated in the procedure of

4
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clustering. The partitional clustering, on the other hand, is an iterative procedure that
directly decomposes the data set into a number of disjoint clusters by minimizing the criterion
function (e.g., sum-of-squared-error). The k-means and ISODATA are well-known techniques
of partitional clustering. However, they suffer the problems of local optima, clustering
reproducibility and initialization sensitivity. The k-mean and ISODATA clustering require
the number of clusters to be known a priori. In order to determine the optimal number
of clusters, Turi [22] proposed a validity measure using the ratio of intra~cluster and inter-
cluster measures incorporated with a Gaussian multiplier. The optimal number of clusters

is found by minimizing the validity measure.

Some new techniques have been proposed for colour clustering in the literature. Comaniciu
employed the mean shift analysis for the exact estimation of clustering kernel in [23]. The
spheres with the predefined size are used to search the centers of colour clusters in colour
space. It has shown the good performance on segmenting the images with strong variations of
density. An interesting category of algorithms originate from graph theory. These methods
use the Gestalt principles of perceptual grouping to form the image regions. In general, these
methods represent the relations between image entities using graph structures and several
related algorithms have been proposed [24-26]. The graph theoretic methods introduce ideas
from perceptual grouping to the field of computer vision. The image plane is represented by a
graph, the nodes of which correspond to the image entities, and the links convey the relations
between these entities. Associated with each graph link (or edge) there is a weight indicating
the (dis)-similarity of the two pixels (or regions). The graph is usually represented using the
adjacency, or the Laplacian matrix. These algorithms try to divide the initial graph into
subgraphs that correspond to image regions [27]. Several methods of this category are based
on the notion of graph cuts that are derived from the spectrum of the graph. The spectrum
comprises of the eigenvalues and eigenvectors of the matrix representation [27]. Another
group of methods is based on agglomeration heuristics to form the final subgraphs based
on merging or splitting operations [24]. Grady [26] introduced an alternate idea that finds
partitions with a small isoperimetric constant, requiring solution to a linear system rather
than an eigenvector problem. Graph segmentation algorithms regularly base their operation
on a locally computed pairwise dissimilarity measure that is used to determine the link
weights. These weights are supposed to take into account some of the basic factors of visual
grouping and their selection is critical for the final segmentation result. Usually, weights
are extracted locally using feature distance criteria and region-merging operations are also
performed on a local scale that, unless guided by some form of global image information,

can lead to suboptimal solutions and erroneous segmentation results.
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1.2.2 Supervised segmentation

In supervised segmentation, the pixel classifier is trained for the best partition of colour space
using the sample of object colours. The image is segmented by assigning the pixel to one
of the predefined classes. The common techniques of supervised segmentation are evaluated
in [28], including maximum likelihood, decision tree, nearest neighbour and neural networks.
The supervised segmentation is employed for the segmentation of video shots in [29]. The
segmentation of image frames is hierarchized by three classifiers, i.e., k nearest neighbour,
naive bayes, and support vector machine. In [30], image segmentation is performed by a
procedure of supervised pixel classification. The rule of minimum distance decision is used
to assign each pixel to a specific class in a colour texture space. A different sort of supervised
segmentation is the semi-automatic approach, where a so-called hint image is used to guide a
colour based process. Manually-drawn hint images are already used by some commercially-
available tools in applications such as Adobe Photoshop. A review of such algorithms can
be found in [28]. Curve evolution techniques [31-33] are quite adapted for this sort of
application. Active contours (or snakes) are curves defined within an image domain that can
move under the influence of internal forces coming from within the curve itself and external
forces computed from the image data. The internal and external forces are defined so that

the snake will conform to an object boundary or other desired features within an image.

1.3 Working methodology

There are various types of methodologies that we can use to approach a research. Choosing
the right methodology is a crucial step to helping you attain your goal, a valid scientific study.

We have decided that the following steps were important to the work being developed.

1.3.1 The selection of test images

The type of image or objects present within the image used to assess the quality of a
segmentation method has a strong influence upon the results. Obviously, if the objects
of the scene are spatially homogeneous, any sound method will provide good results. In this
case, the benefit of the fusion is questionable since standard methods will lead to satisfactory

results.

The lack of standard and difficult cases for the evaluation of the joint use of colour and
depth information led us to select our own test image set. Although the depth information
is typically noisier and with lower bandwidth than colour information in real systems, our
study begins with synthetic images with accurate depth maps, as depicted in figure 1.3.
Images ‘chess’, ‘billiards’ and ‘teacup’ were rendered with VRay 1.45.70 using 3dsmax 6.0;
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Figure 1.2: The MetaVision camera (from [3,4]).

the depth maps were generated using 3dsmax’s scanline renderer.” Although the size of
each of these images is 720 x 540, and because the signature of the author could distort the
analysis, only the first 520 lines were effectively used for testing, by cropping each image to
720 x 520. The size of ‘cones’ image is 450 x 375, being available from the Middlebury Stereo
Vision Paget. Although this is not an image with perfect depth information, its quality was

considered high enough to group it here.

This methodology allows discarding bad fusion practices, with the confidence that their poor
performance is not due to noisy depth information. However, because we aim at achieving
algorithms not relying on the accuracy of the depth information — that would hinder the
application of such techniques in the real-world — we carry on our study with real images

and depth maps.

The MetaVision system captures depth information under the form of two additional image
streams from two auxiliary cameras placed either side of the main camera, figure 1.2.
The auxiliary cameras are small RGB cameras with normal TV resolution (704 x 576),
whereas the main camera has HDTV resolution (1920 x 1080). The project implemented a
spatially-recursive algorithm based on ideas developed for motion estimation [34], operating
on rectified images (details can be found in [3,4]). Using the MetaVision system, several
sequences were captured and the disparity estimated. Four images from such material are
going to be used to gauge the performance of algorithms is the presence of noisy depth

information, see figure 1.4.

fThese images are used with permission of the author.
They are available at http://www.richardrosenman.com/dofpro_cgsamples.htm
http://cat.middlebury.edu/stereo/newdata.html
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WWweEIChardroset SM.com

(g) ‘cones’ image.

wwwi richardrosenman.com

(b) ‘chess’ depth map.

wwwirichardrosenman.com

(d) ‘billiard’ depth map.

wwwirichardrosenmasn.com

(f) ‘teacup’ depth map.

i

(h) ‘cones’ depth map.

Figure 1.3: Image test set with perfect depth information.
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(a) ‘walk street’ image. (b) ‘walk park’ depth map.
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(c) ‘walk park’ image. (d) ‘walk park’ depth map.

(e) ‘juggler’ image. (f) ‘juggler’ depth map.

(g) ‘men’ image. (h) ‘men’ depth map.

Figure 1.4: Image test set with noisy depth information.
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1.3.2 Measures of performance

When in possession of an image segmentation algorithm, an obvious question is “how good is
it?”. This begs the question of what we mean by good. The obvious answer is to subjectively
judge the result of the application of the algorithm over the pre-defined test set. Although
the visual assessment of the segmentations will not be relinquished, the comparison of the
methods will rely heavily on the quantitative measures to be introduced in the first part of

this work, namely dgy;m, and dpye.

The partition-distance dsyp, is a strict discrepancy measure between two segmentations of
the same image; under- and over-segmentations are appropriately penalized. This measure
attains the zero value only when the two segmentations coincide exactly. However, for some
purposes, it is important to have measures tolerant to mutual refinements [35], relaxing
the conditions for proximity between two segmentations. Intuitively, two segmentations are
consistent if they are partially a over-segmentation, partially a under-segmentation of each
other. This consistency is effectively measured with the mutual partition-distance, d;q.
These measures have the advantage of producing a error mask image, which may assist the
evaluation process and the identification of the main source of errors. Besides using the
numerical values, we will also make use of the error mask image for d,,+; see the next

chapters for details on these measures.

1.3.3 Quality assessment needs a reference

With the objective assessment measures, the quality is assessed with respect to the reference
segmentation. As such a reference was not available, it had to be created. With the
segmentation tool used to produce the Berkeley segmentation database [36], and publicly
available$, reference segmentations were manually created for the test set, shown in figure
1.5.

Finally, the multimodal algorithms to be presented in this work had also to be confronted
with other algorithms, in order to assess the gain attained with them. As such, the results
of the methods to be presented were compared with well established segmentation methods.
Three methods were selected. They are all relevant in the community of researchers in image

processing.

JSEG algorithm Deng [16] proposed a new approach for colour image segmentation called
JSEG which can be used to segment images into homogeneous colour-texture regions. The

basic idea of the algorithm is to separate the segmentation process into two independent

Shttp://www.cs.berkeley.edu/projects/vision/grouping/segbench/
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il

(a) ‘chess’ image ground truth. (b) ‘billiards’ image ground truth.
(c) ‘teacup’ image ground truth. ‘cones’ image ground truth.

(e) ‘walk street’ image ground truth. ‘walk park’ image ground truth.
(g) ‘juggler’ image ground truth. ‘men’ image.

Figure 1.5: Ground truth segmentations.
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stages, colour quantisation and spatial segmentation. In the first stage colours in the image
are quantized to several representative classes that can be used to differentiate regions in the
image. This quantisation is performed in the colour space without considering the spatial
distribution of the colours. In the second stage, each pixel’s colour is replaced with its class
label, thus forming a class-map of the image. The class-map can be viewed as a special kind

of texture composition.

Let p be the set of all N data points in the class-map. Let p = (z,y),p € p, and m be the

m=3"p

pEP

mean,

Suppose g is classified into C' classes g;, ¢ = 1,--- ,C. Let m; be the mean of the N; data

mi:%Zp

! pEp;

points of class g,

Let
C C
Sr=>Y _llp—ml* and Sw=> Si=> > |p—mi?
PEP =1 1=1 pEp;

Sw is the total variance of points belonging to the same class. Define

_ Sp _ Spr—Sw

J_g Sw

The J value measures the distances between different classes S over the distances between
the members within each class Sy,. For the case of an image consisting of several homo-
geneous regions, the colour classes are more separated from each other and the value of J
is large. Applying the criterion to local windows in the class-map results in the J-images,
in which high and low values correspond to possible region boundaries and regions centers,
respectively. A region growing mechanism is then used to segment the image based on the
J-images. The algorithm starts the segmentation of the image at a coarse initial scale. Then,
it repeats the same process on the newly segmented regions at the finer scale. Region growing
often results in over-segmentation. Therefore, these regions are merged based on their colour
similarity in the perceptually uniform CIE L*u*v* colour space. JSEG has been successfully

applied in a variety of domains [37-39] and modified for improved performance [40].

Mean shift algorithm Image segmentation exploiting the mean shift procedure was
introduced in [23]. The mean shift procedure itself, a nonparametric procedure for the
analysis of multimodal data, was proposed by Fukunaga [41] but largely forgotten until
Cheng’s paper [42] rekindled interest in it. After a proper normalization with hs and h,,

global parameters in the spatial and colour domains, the location and colour vectors are

12
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concatenated to obtain a spatial-colour vector of dimension d = 2 + 3 for colour images (or
d =2+ 1 in the grey level case). The mean shift procedure is then applied in the combined
spatial-colour domain. Each data point becomes associated with a point of convergence
which represents the local mode of the density in the d-dimensional space. Convergence
points sufficiently close in the joint domain are fused to obtain the homogeneous regions in
the image. Finally spatial regions smaller than a predefined value are eliminated. The mean

shift has also found application in diverse areas [43,44].

NCut algorithm Normalized Cuts is an unsupervised segmentation technique developed
by Shi and Malik [25] that approaches the segmentation problem as a graph-partition
problem, using a global criterion. The normalized cut criterion measures both the total
dissimilarity between the different groups as well as the total similarity within the groups.
The major steps of the NCut algorithm are the conversion of the data to an weighted graph
representation using an application appropriate weighting function and transformation of
the data clustering problem to a graph partition problem, partitioning of the weighted
graph by rewriting the normalized cut objective function as an eigenproblem, solution of
this eigenproblem and finding of the Fiedler vector (and possibly other eigenvectors), and
finally separation of the data into segments corresponding to clusters in the eigenvector(s)
which reveal the data’s features of interest. NCut has also generalized to many application
domains [45,46].

The results of applying these three algorithms to the test set are presented in figures 1.6,
1.7, 1.8, 1.9, 1.10 and 1.11, and tables 1.1 and 1.2.

It is important to observe that the ‘chess’ image is a particularly difficult image, which is
exposed in the low quality segmentations of conventional methods. The ‘walk street’ and
‘walk park’ images, being mainly a background / foreground segmentation problem reveal
the problem of consistently identify the man as a whole, being the head always combined
with the background. Moreover, the tendency of these algorithms to over-segment an image

is also reflected in the results.

l H ‘chess’ ‘ ‘billiards’ ‘ ‘teacup’ ‘ ‘cones’ ‘

regions 21 44 35 101

JSEG dsym 44.96 62.73 26.71 55.02
Amut 24.77 3.32 3.25 3.21

regions 54 41 55 49

Mean Shift dsym 48.77 56.24 65.18 69.85
Amut 10.40 1.05 16.58 6.19

regions 40 40 40 40

NCut dsym 82.78 82.16 72.99 74.88
Amut 17.66 3.73 9.68 12.18

Table 1.1: Results for conventional algorithms, over the test image set with perfect depth
information.
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(a) ‘chess’ image.
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(c) ‘billiards’ image. (d) ‘billiards’ error mask.
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(e) ‘teacup’ image. (f) ‘teacup’ error mask.
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(g) ‘cones’ image. (h) ‘cones’ error mask.

Figure 1.6: Results for the JSEG algorithm over the test dataset with perfect depth

information.
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(g) ‘cones’ image.

M

~ \ DR

.,:%4.
L; ,! g‘,.“
- é

(b) ‘chess’ error mask.

(d) ‘billiards’ error mask.
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(f) ‘teacup’ error mask.
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(h) ‘cones’ error mask.

Figure 1.7: Results for the Mean Shift algorithm over the test dataset with perfect depth

information.
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(c) ‘billiards’ image. (d) ‘billiards’ error mask.

(e) ‘teacup’ image. (f) ‘teacup’ error mask.

? ’-.\

A 7N

A

(g) ‘cones’ image. (h) ‘cones’ error mask.

Figure 1.8: Results for the NCut algorithm over the test dataset with perfect depth
information.
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(a) ‘walk street’ image. (b) ‘walk street’ error mask.
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(c) ‘walk park’ image. (d) ‘walk park’ error mask.

(e) ‘juggler’ image.

(g) ‘men’ image. (h) ‘men’ error mask.

Figure 1.9: Results for the JSEG algorithm over the test dataset with noisy depth
information.
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a) ‘walk street’ image.
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(c) ‘walk park’ image.

(e) ‘juggler’ image.

(g) ‘men’ image.

(b) ‘walk street’ error mask.

(d) ‘walk park’ error mask.
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(f) ‘juggler’ error mask.
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(h) ‘men’ error mask.

Figure 1.10: Results for the Mean Shift algorithm over the test dataset with noisy depth

information.
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(a) ‘walk street’ image. (b) ‘walk street’ error mask.

(c) ‘walk park’ image. (d) ‘walk park’ error mask.

(g) ‘men’ image. (h) ‘men’ error mask.

Figure 1.11: Results for the NCut algorithm over the test dataset with noisy depth

information.
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H ‘walk street’ | ‘walk park’ | ‘juggler’ ‘ ‘men’

regions 22 13 12 35
JSEG dsym 34.90 19.59 16.76 64.26
Amut 7.91 4.87 10.11 18.11

regions 40 49 26 50
Mean Shift dsym 41.50 29.78 25.54 66.12
Amut 4.20 2.92 4.32 9.46

regions 40 40 40 40
NCut dsym 81.4 87.56 83.51 83.30
Amut 9.09 5.65 5.71 14.59

INTRODUCTION

Table 1.2: Results for conventional algorithms, over the test image set with noisy depth
information.

1.4 Thesis’ structure

This thesis introduces in chapter 2 the intersection graph associated with two segmentations
of the same image. Starting with a review of the state-of-the-art measures for comparing
two segmentations of the same image, the chapter evolves to the definition of the intersection
graph as a factory of discrepancy measures; depending on the problem at hand, a measure
can be selected that best suites our needs. The most promising measures, constructed from
the intersection graph are presented in chapter 3. The partition-distance, a strict measure
between two segmentations, ideal for benchmarking, is the first proposed measure. Next, two
asymmetric measures, tolerant to over- or under-segmentation are also presented. Finally, the
mutual partition-distance, a measure not reacting to mutual refinements, is the last measure
derived from the intersection graph. In chapter 4 we investigate simple methods for depth
assisted image segmentation. By creating new colour triplets containing information from
the original colour and depth images, we apply standard image segmentation algorithms to
the fused image. Having concluded of the unsuitability of the naive attempts, we start
in chapter 5 the investigation of more sophisticated methods. We study extensions of
conventional, state of the art algorithms to deal with a second image, the depth data, by
a joint modelling of colour and depth. Aware of the noisy nature of the depth information
in practical problems we proposed refinements for increased robustness. In chapter 6 we
analyse another approach for image segmentation assisted by depth data. Now, the depth
information is used primarily to estimate the number and position of objects in the image.
Then, guided image segmentation, starting from the markers extracted in the previous step, is
performed using mostly the colour information. In chapter 7 motion information is integrated
in the segmentation process to further improve the segmentation results. Finally, results are

discussed, conclusions are drawn and future work is oriented in chapter 8.
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1.5 Contributions

We summarize below the contributions of this thesis toward superior and more efficient image

segmentation techniques. In this thesis we have

1. introduced in the image engineering community the intersection-graph as a factory
of measures for comparing segmentations. Presented also the mapping of previously

proposed methods to this framework;

2. obtained through reasoning from this generic framework three significant measures for
the image engineering community: the partition-distance, the asymmetric partition-
distance and the mutual partition-distance. Several properties of these measures, and

relationships among them were established;

3. proposed an extension to a conventional segmentation algorithm, the mean shift, to
accept depth information for the segmentation process, while coping effectively with

the expected noise in depth data;

4. proposed a new procedure for image segmentation guided by depth and motion infor-
mation. In a first stage the depth information is used to estimate the number and
localization of objects in the image; next, a guided image segmentation is performed,
using essentially the colour information, starting from the guides created in the first
step. The extension of this framework to sequences of images, integrating motion
information derived from the temporal correlation of consecutive frames, was also
studied.

Publications related to the thesis

[9] P. W. Walland, G. Thomas, M. Koppetz, J. S. Cardoso, T. Erseghe, and F. Hericourt,
“The application of intimate metadata in post production,” in Proceedings of Int. Broad-
casting Convention (IBC 2002), september 2002.

[47] J. S. Cardoso and L. Corte-Real, “Toward a generic evaluation of image segmentation,”

IEEFE Transactions on Image Processing, vol. 14, pp. 1773-1782, november 2005.

[48] J. S. Cardoso and L. Corte-Real, “A measure for mutual refinements of image segmen-

tations,” IFEFE Transactions on Image Processing, 2006.

[49] J. S. Cardoso and L. Corte-Real, “Image segmentation guided by depth information,”
submitted to IEEE Computer Society Conference on Computer Vision and Pattern Recogni-
tion 2006 (CVPR2006), 2006.
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Chapter 2

A unifying model for the evaluation

of image segmem‘caﬂ:ioms§

Authors currently working in the field of low-level image segmentation frequently point out
the need for a standard quality measure that would allow both the evaluation and comparison
of all segmentation procedures available. This need arises from the ill-posedness of the image
segmentation problem: for the same image, the optimum segmentation can be different,

depending on the application.

A problem is well-posed if the solution exists, the solution is unique and the solution
depends continuously on the data. If it fails to satisfy at least one of these criteria the
problem is ill-posed (in the sense of Hadamard, [50]). The general idea of solving ill-posed
problems is to restore well-posedness of the problem by introducing some constraints,
implicit and explicit, to the solution. This is often termed as regularization of the problem

and it has close connections to bayesian estimation.

Automatic segmentation is, therefore, a problem without a general solution, at least at
the current state-of-the-art. A standard quality measure, if available, could be applied to
automatically provide a ranking among different segmentation algorithms or to optimally

set the parameters of a given algorithm, under a pre-defined framework.

Several methods have been proposed to evaluate the quality of segmentation algorithms.

Next we will present the main ideas underlying these methods.

$Some portions of this chapter appeared in [47,48].
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CHAPTER 2. A UNIFYING MODEL FOR THE EVALUATION OF IMAGE SEGMENTATIONS

2.1 Evaluation methods for image segmentation

In the often cited article by Zhang [51], evaluation methods are broadly divided into two
categories: analytical methods and empirical methods: “The analytical methods directly
examine and assess the segmentation algorithms themselves by analyzing their principles
and properties. The empirical methods indirectly judge the segmentation algorithm by

applying them to test images and measuring the quality of segmentation results.”

Although using analytical methods to evaluate segmentation algorithms avoids the imple-
mentation of these algorithms (and so they do not suffer from influences caused by the
arrangement of evaluation experiments as the empirical methods do), they have not received
much attention mainly because of the difficulty to compare algorithms solely by analytical
studies. The analytical methods in the literature work only with some particular models or
properties, see Liedtke [3] and Abdou [4].

Empirical methods are further classified into two types: goodness methods and discrepancy

methods.

In the empirical goodness methods some desirable properties of segmented images, often
established according to human intuition, about what conditions should be satisfied by
an ’ideal segmentation’, are measured by goodness parameters. The performance of the
segmentation algorithms under study is judged by the values of goodness measures. These
methods evaluate and rate different algorithms by simply computing some chosen goodness
measure based on the segmented image, without requiring the a priori knowledge of the
reference segmentation. Different types of goodness measures have been proposed. Colour
uniformity [52], entropy [53], intra-region uniformity [54,55], inter-region contrast [56,57],

region shape [58], etc, are some of the measures that have been proposed in the literature.

Empirical discrepancy methods are based on the availability of a reference segmentation, also
called gold standard or ground truth. The disparity between an actually segmented image
and a correctly/ideally segmented image (the gold standard, which is the best expected
result) can be used to assess the algorithm’s performance. Both images (actually segmented
and reference) are obtained from the same input image. The methods in this group take the
difference (measured by various discrepancy parameters) between the actually segmented
image and the reference one into account, i.e., these methods try to determine how far the
actually segmented image is from the reference image. In section 2.2 we will cover the early

proposed methods in this group.

The distinction between empirical discrepancy methods and empirical goodness methods is
not so clear cut when we think about the real meaning of selecting a goodness method with

the corresponding goodness parameter(s). There is (at least) one segmentation partition

24
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that maximizes the adopted goodness measure — call it implicit gold standard. By choosing
an appropriate discrepancy measure for all other possible segmentations — a rather artifi-
cial measure —, we can always mimic the goodness method with the implicit discrepancy

measure.

So the difference is in how we model the reference segmentation and in what point of view
seems most useful, rather than in any intrinsic difference between the methods themselves.
Probably a more meaningful name for goodness methods is empirical with implicit reference,
contrasting with empirical with explicit reference that are the so called empirical discrepancy
methods.

Although conceptually similar to discrepancy methods, goodness methods have the advan-
tage of being well suited to integrate unsupervised tools — there is no need to feed the
method with any data. Also, our perception of a good segmentation might be easier to

convey using these methods.

However, goodness methods also have some drawbacks. By first defining what is going to
be measured — the goodness parameters —, we can always construct an algorithm that
will outperform all the others under the selected evaluation measure. This algorithm would
generate the implicit gold standard partition. This may invalidate any assessment at all, this
being especially true when similar criteria are used to design the segmentation algorithms as
well as to assess their performance — in fact, goodness measures have been used to design

segmentation algorithms.

2.2 On the discrepancy methods — a review

Taking a quick snapshot of what have been proposed so far, it is easy to conclude that

current discrepancy evaluation methods lack a general and consistent approach.

Yasnoff [59] proposed to take the number of misclassified pixels and their positions into
account for computing two measures: the percentage of area misclassified and the pixel

distance error. However, this has only been applied to foreground /background segmentation.

A similar approach appears in [60] with Figure of Merit (FOM) for edge detection evaluation.
This method, applied to image segmentation, looks at the segmentation process as an edge
map extractor, being only suitable for these binary edge map images. It also does not give

a good general response [61].

Zhang, in [62] and [63], suggests the use of the so called 'ultimate measurement accuracy’:
“if the goal of image segmentation is to obtain measurements of object features, the accuracy

of these measurements obtained from the segmented images can be used as a quantitative

25
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evaluation criteria”. Mattana [64] and Huo [65] have followed a similar approach. Although
this assumption may be valid in the context of image analysis, more and more applications
make use of the regions created in the segmentation process, of which the new object-based

compressing standards are just an example.

13

Chalana’s proposal [66] works only for “... a single object from an image”.

Betanzos [67] defines an accuracy measure for images with multiple types of objects. How-
ever, it only works when not all types of objects are present in the image. It also has to be

able to count the correct and false results separately for each type of object.

Hoover [68] uses a region-based method for assessment. Nevertheless, he does not avoid
unintuitive ad hoc measures that involve user defined thresholds. [69] continues the work
of [68] using the same performance evaluation method; [70] proposes an adapted version of

the same measure.

Roldan [61] has introduced a hybrid measure of empirical discrepancy and empirical good-
ness. This measure is only intended for the evaluation of low error segmentation results

using the binary edge map of a segmentation.

Belaroussi [71] proposes a set of localization measures that can be used on a binary image
under the knowledge of a binary reference image to evaluate the quality of the segmented
edges. Although it was adapted to segmentation region maps in [72], that was only done

with background/foreground segmentations.

Everingham [73], more than defining a new measure, attempts to aggregate fitness functions
using the Pareto front. Measures such as ours could be used as fitness functions in the

proposed methodology.

Martin in [74], and more thoroughly in [35], proposes a very interesting set of measures. Most
of these measures — GCE, LCE and BCE measures — compute the overall distance between
two segmentations as the sum of the local inconsistency at each pixel. A novel methodology
for judging the quality of a boundary map is also presented. The correspondence procedure,
tolerant to small localization errors, resorts to the bipartite matching of “little pieces of
boundary, or edgels”. All measures are general enough to work with images with several
objects and they all achieve excellent results in the collection of test images. However, their
behaviour is not always the expected, as illustrated later — see section 3.1.1. This is probably
due to their local definition, making it also difficult to predict the performance for complex
segmentations. Because of the significant quality of the measures introduced by Martin, we

detail know each of them, presenting their definition.
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2.2.1 Berkeley measures

First, define a quantity E(S1;S2;p) called the local refinement error, which measures the
degree to which two segmentations S; and S agree at pixel p. Let R(S;p) be the set of
pixels in segmentation S which are in the same segment as pixel p; |.| denotes cardinality
and .\. set difference. Then

|R(S1,pi)\R(S2,pi)|
|R(S1,pi)

E(S1;S2;pi) =

Five different measures were introduced in [35] with interest for this work:

1. Local Consistency Error, which permits refinement in different directions in different

parts of the image:

1 .
LCE = N me {E(S1; S2;pi); E(S2; S1;pi) }

2. Global Consistency Error, which forces all local refinements to be in the same direction,

i.e. from one segmentation to the other:
.
GCE = - min {Z E(S1; S2;pi), Z E(Sy; Sl;pi)}
(2 (]

3. Bidirectional Consistency Error, penalizing any difference between the segmentations:

1
BCFE = N Zmax {E(S1; S2;pi); E(S2; S1;pi) }

4. Mutual Information Distance. The distance between two segmentations is computed as
the mutual information between an affinity function. For segmentation 1, define Fl(ij )
as 1 when pixels 7 and j belong to the same segment, and zero otherwise; identically,
define FQ(ij ) for segmentation 2. Note that Fl(ij Jand FQ(ij ) are binary valued. Given the
joint distribution p(z;y) = P(Fy = x; F5 = y), the mutual information is defined as
the Kullback-Liebler divergence between the joint and the product of the marginals:

p(z,y)

I(F; Fy) = /Lyp(x,y) logm

5. Edgel based measure. Given two segmentation, it corresponds little pieces of boundary;,
or edgels. This is the only measure that works on boundaries. An edgel is an oriented
edge fragment which has an image-plane position (z,y,6), and a length equal to 1

pixel. The error is the proportion of edgels that can not be corresponded.
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2.3 A general framework for the comparison of image

segmentations

As section 2.2 shows, only a few methods actually explore the segments (clusters) obtained
from the segmentation process. Most measures are best suited to evaluate edge detection,
working directly on the binary image of the regions’ contours. Although we can always
treat a segmentation as a boundary map, the problem lurks in the simplified use of the edge
map, as simply counting the misclassified pixels, on an edge/non-edge basis. But pixels on
different sides of an edge are different in the sense that they belong to different regions —
that is why it may be more reasonable to use the segmentation partition itself. Realizing this,
some authors have introduced ‘artificial corrections’ to improve measures, notably counting
the misclassified pixels and weighting the erred pixels according to their distance to the

reference.

Most of previously proposed methods, working directly on the segments suffer from sev-
eral limitations, ranging from the number of objects in the image (foreground/background
segmentation), see [59, 66|, to simplifications introduced in order to be able to tackle the
problem [67-69]. A clear exception is the work of Martin in [35,74]. To our knowledge, none
of the proposed methods tries to define a reasonable discrepancy measure from the definition

of image segmentation.

Image segmentation is traditionally viewed as a process that partitions the entire image

region R into n sub regions, r1,72,73, ..., Ty, Such that:

1. Every pixel belongs to a region — ry UraUrsU...Ur, = R

2. Every region is spatially connected

3. All regions are disjoint — r; N7; = 0,7 # j

4. All pixels in a region satisfy a specified similarity predicate — P(r;) = true

5. For any two adjacent regions, r; and 7, P(r; Ur;) = false, where P is the mentioned

similarity predicate

Since an image segmentation is defined as a partition, when comparing the gold standard
with the segmentation under evaluation, we are in fact comparing two partitions. So, how to
compare two partitions? At the core of the problem are distance metrics, which define the
notion of similarity between two partitions. In general terms, having a set of N elements and
two different partitions defined on this set makes it possible to compare the two partitions
in many ways — no single metric is useful in all circumstances. First, let us define an entity,
hereafter called the intersection-graph, which enables to define sensible measures for many

applications.
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SEGMENTATIONS

2.3.1 The intersection-graph

Before introducing the concept of intersection-graph, some helpful notions and notation are
in order. Let S be a set of N elements. A cluster is a non-empty subset of S. A partition
of S is a set of mutually exclusive clusters, whose union is S. Two partitions P and @ of S
are identical if and only if every cluster in P is a cluster in (). A partition P is a refinement
of a partition R (or P is finer than R) if and only if each cluster in P is contained in some
cluster of R — see figure 2.1. Note that then, by definition, any partition is a refinement of
itself.

Figure 2.1: The right partition is a refinement of the left partition.

The intersection of two partitions P and @ is a partition R so that every non-empty
intersection of a cluster S; from P and a cluster S; from @ is an element of R — see
figure 2.2. Note that R is a refinement of P and Q.

Figure 2.2: The middle partition is the intersection of the left and right partitions.
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CHAPTER 2. A UNIFYING MODEL FOR THE EVALUATION OF IMAGE SEGMENTATIONS

The null partition is the partition with only one cluster (the cluster has N elements). The

infinite partition is the partition with N clusters (each cluster has one element).

A bipartite graph BG is a graph whose set of vertices V can be split into two subsets Vz
and V¢ in such a way that each edge of the graph joins a vertex in Vi and a vertex in Vg
— figure 2.3(a). A bipartite graph with r vertices in Vi and ¢ vertices in V¢ is denoted by
BG ..

A complete bipartite graph is a bipartite graph in which each vertex in Vj is joined to each
vertex in Vo by an edge — figure 2.3(b). The complete bipartite graph with r vertices in Vg
and c vertices in V¢ is denoted by K, ..

A tree graph is a simple, undirected, connected, acyclic graph — figure 2.3(c). A tree with
n nodes has n — 1 edges. Conversely, a connected graph with n nodes and n — 1 edges is a

tree.

The n-star graph, Sy, is a tree on n+ 1 nodes with one node having vertex degree n and the
others having vertex degree 1. The complete bipartite graph K, is the star graph .S,, —
figure 2.3(d).

Vr Ve
(a) Bipartite graph, (b) Complete bipartite (c) Tree graph. (d) Star K 4.
Bg3,4- graph K374.

Figure 2.3: Graph definitions.

Given a set S of N elements and two partitions of S, P and @, define the intersection-graph
as the bipartite graph BG(P, Q) with one node in Vi for each cluster in P and one node in
Ve for each cluster in () — see figure 2.4. Connect two nodes x and y by an undirected,
weighted edge if and only if x and y intersect each other, assigning to the weight the number

of elements in the intersection.

The intersection-graph associated with two image segmentations, as presented previously,

can be used as a factory of indices of similarity between partitions.

Guigues [75] has already defined a family of symmetric measures on this graph. Although

the simplest way is to assign the area of intersection to the weight of each edge, that can be
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SEGMENTATIONS
R, R, C, C,
@) .
- Z
M :
%
50 » 50-c
50 50+c
(a) Segmentation 1. (b) Segmentation 2.
R1 @——100.50 el

100.c

Ry 4(50«) —@Cs

(¢)  Associated bipartite
graph.

Figure 2.4: Intersection-graph for segmentations 1 and 2.

replaced by any cost function expressing the importance of a region intersection.

More generally, rules can be defined on the vertices and edges of the bigraph to create
suitable measures. In fact, many of the previously proposed measures in the literature can
be accommodated under this framework. To illustrate, the LCE measure introduced in [35]

can be effectively computed as

1 oy we — w;
N Z wj. min {wm i , wc’w i } (2.1)
¢

Wy,
V edge e; T

k3

where w; is the weight of the edge e;, r; and ¢; are the nodes incident to edge e;, w,, is sum
of the weights of all the edges incident to node 7;, w,, is sum of the weights of all the edges
incident to node ¢;. Latter on in this study we will make use of this general framework to

develop a tuned measure for a specific application.
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2.4 Discussion

The evaluation of image segmentations is a key element when comparing segmentation
algorithms. Segmentation quality evaluation allows the assessment of segmentation algo-
rithms’ performance for a given target application and the tuning of algorithms for optimal
performance. It is believed that objective evaluation of image segmentation is a very
present-day problem, for which a satisfying solution is not yet available in the literature.
In this chapter, a general framework for the evaluation of image segmentations, based on
the intersection-graph, was presented. While some of the most recent segmentation quality
evaluation methods only deal with two objects (foreground and background), metrics defined
on the proposed intersection-graph copes with multiple regions in the segmentation partition,
using a clean, comprehensive technique. The flexibility of the proposed framework was

illustrated by mapping the LCE measure in the intersection-graph.
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Chapter 3
Partition-distances’

The most promising measures, constructed from the intersection-graph, are now presented.
The partition-distance, a strict measure between two segmentations, ideal for benchmarking,
is the first proposed measure. Next, two asymmetric measures, tolerant to over- or under-
segmentation are also presented. Finally, the mutual partition-distance, a measure not

reacting to mutual refinements, is the last measure derived from the intersection-graph.

3.1 The partition-distance, d,,

Having introduced the segmentation evaluation problem as a problem of defining the simi-
larity between two partitions, we can now proceed to the idea of partition-distance as it was
first presented in [76]. Several alternative (but equivalent) definitions can be given (each

more enlightening than the other for some background conditions):

Definition 1: “Given two partitions P and @ of S, the partition-distance is the minimum
number of elements that must be deleted from S, so that the two induced partitions (P and

@ restricted to the remaining elements) are identical.” [77]

Definition 2: “The partition-distance is equal to the minimum number of elements that must
be moved between clusters in P, so that the resulting partition equals @ (by definition, any

set that becomes empty is no longer a cluster).” [77]

Proof that definition 1 is equivalent to definition 2:

Let D be the set of dist; elements given by definition 1 and Dy be the set of dists elements given
by definition 2.

$Some portions of this chapter appeared in [47,48].
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a. From definition 1, P equals @) in S\ D;. By moving the elements of Dy in P to the same cluster
as in @, we can set P = @ in S. This implies disty < dist;.

b. From definition 2, P equals @ in the set of unmoved elements S\ D2. This implies dist; < dists.

From a) and b) we conclude the equivalence of both definitions. O

From this definition a useful set of properties can be deduced.

3.1.1 Properties of the partition-distance, d,,,
Let P, @, R be partitions defined in a set S of N elements. Then:

1. deym(Q, P) >0

2. deym(Q, P) = 0 if and only if Q = P
3. dsym(Q, P) = dsym(P, Q)

4. deym(Q, P) + dsym(P, R) > dgym(Q, R)

5. dsym(Q, null partition) =

= N — (maximal cluster size in Q)

6. dsym(Q,infinite partition) =

= N — (number of clusters in Q)

7. dgym(null partition,in finite partition) =

N — 1 = maximal distance between any two partitions
8. the normalized distance, dsym/(N — 1), ranges from 0 to 1

9. let S7 and Sy be two disjoint sets. Be P; and )1 partitions of S, P, and )2 partitions
of So, and P = PLUP, and @ = Q1 UQ3 the resulting partitions defined in S = 51 U.S5s.
Then dsym(P7 Q) = dsym(Pla Ql) + dsym(P27 QQ)

Any function with properties 1 to 4 is called a metric.

Proof of property 1: Follows directly from definition. |

Proof of property 2:

a. If @ = P no points need to be removed from S to make the partitions equal. Then dgy, (Q, P) =
0.
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b. If deym(Q, P) = 0 the number of points that had to be removed from S to make the partitions

equal was 0. That is, the partitions are already equal in S.

Proof of property 3: Follows directly from definition 1 of partition distance. O

Proof of property 4: Let Dy be the set of dgym(Q, P) elements to be removed in order to equal @ to
P; Dy be the set of dgym, (P, R) elements to be removed in order to equal P to R. Simultaneously,
remove from S the elements of Dy and Dy (they may have common elements). Then, in the reduced
set, we also have Q = R. So, removing dsym(Q, P) + dsym (P, R) is enough to make @ and R equal
partitions. That implies doym (Q, R) < dsym (Q, P) + dsym (P, R). |

Proof of property 5: Because two identical partitions have the same number of clusters, we can only
keep elements from one cluster of @ in the reduced set. Then, it is easy to see that removing the
elements of all clusters of @), with the exception of those in the biggest cluster, gives the minimum

number of elements that need to be removed to equal () to the null partition. (Il

Proof of property 6: Because two identical partitions have the same number of clusters and the same
number of elements in each cluster, we can only keep one element from each cluster of @ in the
reduced set — otherwise they would belong to different clusters in the infinite partition. It is easy
to see that keeping only one element of each cluster of @ (anyone in fact) equals @ to the infinite

partition. 0

Proof of property 7: Making QQ = null partition in 6 or Q = in finite partition in 5 we get the desired
equality. Because it is always possible to keep at least one element of S (anyone if fact), (N — 1) is

the maximal possible value that dg,,, can attain. O

Proof of property 8: By prop 1 and prop 7, 0 < dgym < N — 1. Then 0 < dgy,, /(N — 1) < 1. O

Proof of property 9:

a. Remove from S1 dsym (P1, Q1) points to make P; = @1 and from Sy deym (P2, @Q2) points to
have P, = @)2. Then P, U P, = Q1 U @5 in the set S restricted to the remaining elements. So

dsym(P7Q) S dsym<P17Q1) + dsym(PQ;QQ)-

b. Remove from S dgym (P, Q) points to equal P to Q. Be ng the points removed from Sj.
Then P, = @y in S excluded of the n; points. Then dgym (P, Q1) < n1. In the same way,
being ny the number of points removed from Ss, dsym (P2, @Q2) < na. Then dgym (P, Q1) +
dsym (P2, Q2) < (n1 +n2) = dsym (P, Q).
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FI‘OHI a) and b) dsy’m,(Pa Q) = dsym (Pla Ql) + dsy'm (PZa Q2) |

We propose to apply the distance defined above to measure the discrepancy between the
reference segmentation (nothing more than a partition of an image) and the segmentation
under evaluation. This distance should be applied directly to the segmentation partition

(with a different color representing each region) rather than to the edge map.

For instance, consider the two partitions of the same 8 x 8 image, represented in figure 3.1.

Figure 3.1: Two different partitions of the same image — the middle image highlights the
points to be removed.

According to the distance defined above, these partitions are 10 pixels away from each other.
The pixels that had to be removed are highlighted in the middle image (unique solution in

this particular case). Later, it will be shown how to efficiently compute this distance.

It is also interesting to compare the dgy,, measure with the proposals in [35]. In figure 3.2(b)
the BCE and dy,, measures are presented for two trivial segmentations. Note the non-
monotonous evolution of the BCE measure, where a monotonous behaviour (not necessarily
linear) presents as the most natural. In figure 3.2(c) the evolution of the measure based
in mutual information from [35] is displayed when the two segmentations being compared
correspond exactly. Contrast the non-constant value of this measure, opposed to the constant

value of the proposed partition distance.

3.1.2 Distance d,,,, applied to binary partitions

What do we get if we apply dsym to the edge maps? These are nothing more than binary
partitions of an image in edge/non edge pixels. It is easy to prove that the value given by
dsym equals the number of misclassified pixels — this is the measure used in many of the

earlier proposed methods.
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Figure 3.2: Contrast in the evolution of BCE and mutual information measures from [35]
and partition-distance dgy,.

Proof: Let’s call Cperefy and Cpe(evary the cluster with the non-edge pixels in the reference and
under evaluation edge map, respectively; Cerep) and Ce(epary the cluster with the edge pixels in
the reference and under evaluation edge map, respectively. To equal both partitions we must either
remove the points belonging to Ce(ref) N Cre(evary and Ce(rery N Ce(evary OF the points belonging to
Che(ref) N Ce(evaty and Ce(re ) N Cre(evary, that is,

dsym = min{ Cre(res) N Creeval) + Ce(res) N Ce(evat); Creref) N Ce(evat) + Cere) N Cre(eval) -
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Clearly, for real segmentations, the number of elements in C),., both for the reference and the under
evaluation edge maps, is larger than 75% of the image’s total elements. Then, their intersection must
have at least 50% of the elements (|JAN B| = |A| + |B| — |[AU B| > 75% + 75% — 100% = 50%).

So, the minimum number of points to remove is Cye(ref) N Ceevat) + Ce(rer) N Cre(evar), that is, the

misclassified pixels. O

Some authors have introduced pixels distance to cope with the position of misclassified pixels
in the edge map. With the proposed metric, when applied to the segmentation partition,
boundaries further away from their true location imply more pixels contributing to the

distance between partitions.

3.1.3 Efficient computation and graph interpretation of d,,,

To be of any practical use the proposed measures have to be efficient to compute. It is
shown in [77] that the partition distance can be computed in polynomial time, formulating
the problem as an instance of the classical assignment problem. “An instance of the classical
assignment problem consists of a matrix of numbers M, and an assignment is a selection of
cells of M such that no row or column contains more than one selected cell. An optimal
assignment is an assignment whose selected cell values have the largest sum over all possible
assignments. An optimal assignment can be computed in polynomial time as a function of
the size of M. To solve the partition-distance problem, create an instance M (P, Q) of the
assignment problem with one row ¢ for each cluster .S; in P and one column j for each cluster
S;j in Q. Associate cell (4, j) with the subset (5;N.S;) and write the number |(S; N S;)| in cell
(7,7). Next, solve the assignment problem on M (P, Q) and let A(P, Q) denote the value of
the assignment. Then the partition distance equals N — A(P, Q). Moreover the elements to
remove from NN are all those elements not associated with any selected cells of the optimal

assignment.” [77]

A closer look will reveal that the above-defined matrix M is nothing more that the intersection-
graph, introduced in the last chapter. Therefore, the partition-distance is defined in

the intersection-graph as the problem of finding a maximum weight matching.

3.2 Asymmetric partition-distance, d,

In many applications under-segmentation is considered as a much more serious problem than
over-segmentation. This is so because it is easier to recover true segments through a merging
process after over-segmentation rather than trying to split a heterogeneous region. For those

environments, it would be sensible to define an asymmetric distance between two partitions
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in such a way that the distance between a partition R and any partition () finer than R is
zero. Proceeding from the theoretical foundations already built, such a measure could be

tentatively defined as:

Asymmetric partition-distance, d.s,(R,Q): given two partitions R and @) defined in a
set S of NV elements, the asymmetric partition-distance is the minimum number of elements
that must be deleted from S, so that the induced partition @ is finer than the induced
partition R. Under this asymmetric distance, any partition finer than the R partition will
be at zero distance from it. Notice also that, in general, dosy (R, Q) # dasy(Q, R).

Recognising that:

a) @ is finer than R if and only if the intersection of R and @ is equal to @

b) daym(Q, (RN Q)) = 0 if and only if @ is finer that R

a more ad hoc path could be followed to define an asymmetric distance between two partitions. In
fact dsym (@, (RN Q)) should, then, convey a measure of the distance from @ to a finer partition of
R. But, as it is easily verified, both definitions are equivalent.

Proof that dsym (Q, (RN Q)) = dasy(R, Q):
a. Remove from S the dq., elements needed to equal @ to a finer partition than R. Then in the
reduced set @@ = (RN Q). That implies dgym (Q, (RN Q)) < dasy(R, Q).

b. Remove from S the dgy., elements needed to equal @ to (RN Q) in the reduced set. Then @
is a finer partition of R in the reduced set. This implies dysy (R, Q) < dsym (Q, (RN Q)).

From a) and b) we conclude that dgym,(Q, (RN Q)) = dusy(R, Q). O

The maximum value this asymmetric distance can attain is also (N — 1) (for instance for
Q@ = null partition, R = infinite partition), so, to get a normalized distance we just divide
by (N —1). From the definition it also follows that dgym (P, Q) > dusy(P, Q).

Working with the segmentation partitions already used to exemplify the symmetric partition
distance, asymmetric distance attains the values (see figure 3.3):

dasy(left, right) = dgym (intersection, right) = 10

dasy(right, left) = dgym, (intersection, left) = 6

3.2.1 Efficient computation of d,,

The asymmetric partition-distance, although possible to compute using the general algorithm
described above and the equivalence dggy (R, Q) = dsym (Q, (R N Q)), can be obtained much
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Figure 3.3: The middle partition highlights the points to be removed for the asymmetric
measures.

more efficiently, realizing that dye (P, Q) = N —)_,(max; (S;NS;)), for all S; in P and S; in
Q) — follows directly from properties 5 and 9 of partition distance. This is readily obtained
from matrix M, defined above as N — )" (max; M(i, j)).

Keeping in mind that the matrix M is the intersection-graph, the asymmetric partition-

distance is also part of the general framework proposed in the last chapter.

3.3 The mutual partition-distance, d,,,;

In some applications, it is important to have measures tolerant to mutual refinements, [35]. It
is known that humans may segment an image differently: the same scene may be distinctively
perceived; different subjects may attend to different parts of the scene; subjects may segment
an image at different granularities. Nevertheless, segmentations of the same image tend to

be consistent in the sense that they are mutual refinements of each other [35].

A partition P is said to be a mutual refinement of a partition @) if and only if every cluster

in P contains or is contained in a cluster in () — figure 3.4.

As can easily be seen, if partition () is a mutual refinement of partition P, then P is a mutual
refinement of partition ). This concept is easily incorporated in the proposed methodology:
given two partitions P and @ defined in a set S of N elements, the mutual partition-
distance, dput(P, @), is the minimum number of elements that must be deleted from S, so
that the induced partitions (P and @ restricted to the remaining elements of S) are mutual

refinements of each other. As easily reckoned, this is a symmetric measure.
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(a) Partition A. (b) Partition B.

Figure 3.4: Partitions A and B are a mutual refinement of each other.

3.3.1 Graph interpretation of the mutual partition-distance

The problem of computing the mutual partition-distance can be casted naturally as a graph

problem, on the intersection-graph derived from the partitions.

We claim that partitions P and ) are a mutual refinement of each other if and only if the

associated intersection-graph has only paths of length no greater than two.

Proof. Recognizing that a node (cluster) of degree one is contained in the node (cluster)
to which it is connected, if we have only paths of length one or two, every node of degree
greater than one is connected only to nodes of degree one — star configuration, see figure
3.5(a). Now, let {e1,e2,e3} be a path of length 3. Let v; be the vertex incident both to e;
and ey and vy the vertex incident both to es and es. Then v; is not contained in vy (e is not

incident to v2) and vg is not contained in vy (es is not incident to vy) — figure 3.5(b). [

.—617 i
ez
Vo é&g—.

o ———O
(a) Bigraph of a mutual re- (b) Path length greater than
finement — no paths’ lengths 2.

greater than two.

Figure 3.5: A graph corresponding to a mutual refinement has paths of length at most two.
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b-1

Figure 3.6: dput < N — (a+b—2) in Kqp.

The mutual partition-distance can now be formulated in the associated intersection-graph
as the minimum sum of weights of pruned edges that such the induced (pruned) bigraph has

paths of length at most two.

The idea of modelling the relation between two segmentations of the same image by the
associated bigraph has been suggested earlier by Guigues [75], where a family of nesting
relations between two partitions of the same set are introduced and applied to the fusion of
multi-date image segmentations. The mutual partition-distance can be seen as one element

of such family of similarity measures.

3.3.1.1 Properties of the mutual partition-distance, d,,,;

From this definition a useful set of properties can be deduced. Let P, ), R be partitions of
a set S of N elements. Then:

1. dmut(Q, P) > 0 and dpy(Q, P) = dput (P, @), following directly from definition.

2. The transitive property does not hold, i.e., dpu(P,Q) = 0, dpw(Q,R) = 0 #
dmut (P, R) = 0.

Consequently, the triangular inequality does not hold either.

3. Let the complete bipartite graph Ky, b > a > 1, N = ab, be the intersection-graph
associated with partitions P and ). Note that every edge has weight one. Then
dmut =N — (Cb+b—2)

Proof. That dyue < N — (a+b—2) can be easily seen in figure 3.6, showing a possible
pruning of K,; leading to a graph with paths of length at most two by removing
N — (a+ b — 2) edges.

On the other hand, a tree in K, has a+b—1 edges. That implies dyur > N —(a+b—1)

— otherwise a cycle would exist in the remaining graph. Simultaneously, any subgraph
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Ks2 of K, cannot be connected after pruning, as is trivial to verify. So dpjut >
N —(a+b-2). O]

4. Let BGuyp, a = [(—\/%1 ,b = [V/N7, be the intersection-graph associated with partition

P and @, with every edge with weight one. Then d,,,t = N — (a + b — 2).
Proof. e dput > N — (a+b—2) — as in last item.
® dmut SN* (a+b*2)
— N > a(b—1) so at least 1 node from P is connected to all nodes from Q.
— N > (a—1)b so at least 1 node from Q is connected to all nodes from P.

Then, as in last item, we can keep (a — 1) + (b — 1) edges.

O

5. From last item, given a set of N elements, we can always find two partitions N —
N N

([W] + [V/N| —2) elements apart. So, d™% > N — ((W] 4+ [vV/'N] —2). Normal-

izing the mutual partition-distance by the same factor as the partition-distance was
normalized, N — 1, gives a normalized distance, ranging from 0 to approximately 1,
for typical values of N in image segmentation (N equals the number of pixels in the

N—([+[VN]-2
image): ([wﬁ&ll[ el ~ 1

3.3.2 Connection to the partition-distance

Besides the mutual partition-distance, a set of different measures to evaluate the quality of
an image segmentation (), when comparing it to a reference segmentation R, have already

been proposed:

e a symmetric measure dgym,(R,Q), the partition-distance between the two partitions,
given by the minimum number of elements that must be deleted from the original set

S, so that the two induced partitions in the remaining elements are identical.

e an asymmetric measure dgsy (R, Q) = dgym (RN Q, Q), tolerant to over-segmentations,
given by the minimum number of elements that must be deleted from S, so that the

induced partition @ is finer than the induced partition R.

e an asymmetric measure dysy(Q, R) = dsym(RNQ, R), tolerant to under-segmentations,
defined similarly to dgsy (R, Q).

As already established, the computation of dy,, is mapped in the traditional matching prob-

lem, in the corresponding intersection-graph; dqsy (R, @), a special and rather straightforward
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Vr Vo Vr Vo Vr Vo Vr Vo
0< —e o 1—eo o\ ° — 1 —eo

Vr
O\
Z; ./ g « g
e e . . :
6 <
.

(a) Original graph.  (b) dasy(R, Q) (€) dasy(Q, R) (d) dsym (R, Q) (€) dmut(R, Q)

Figure 3.7: Original and resulting graphs for all measures.

instance of the matching problem, is simply translated as “for each vertex in Vg remove all

but the edge of biggest weight”; dys,(Q, R) is computed in a similar way — figure 3.7.

The resulting graph for dus, (R, Q) is partitioned in disconnected K ,, subgraphs with the
star center always in Vp. The resulting graph for d,,(Q, R) has the star centers in V. The
original partition-distance does not allow stars (or only degenerate stars K ;). The mutual

partition-distance weakens the constraints on the number and position of the star centers.

It is not hard to prove that, by keeping constant the number and position of the star centers
(possibly some in Vi and others in V(), the problem of computing the mutual partition-

distance simplifies to a matching problem.

Proof. Start by labelling arbitrarily each vertex either as a star center or as a leaf. Impose

the following additional constraints:

e two vertices labelled as star centers can not be connected by an edge

e a vertex labelled as a leaf can not have degree greater than one

The mutual partition-distance, constrained as above, simplifies to a matching problem (figure
3.8):
1. remove every edge connecting two star centers;

2. for each leaf, remove every edge to a star center, except the biggest of them (the others

are dominated by this) — this step is not strictly necessary;

3. split every star center S; in deg(.S;) vertices, each with one and only one of the deg(.S;)
edges;
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Figure 3.8: Mutual partition-distance with constrained star centers.

4. perform the traditional matching in the resulting graph.

Because the result of such algorithm is in fact a mutual refinement in the original graph,

then d,,,; is less or equal than the result of any labelling.

It is also easily reckoned that the mutual partition-distance equals one of such labelling: in
the resulting graph for d,,,:, label each vertex with degree greater than one as star center

and the others as leaves. Then dy,,; is equal to the result for this particular labelling. O

We see that the mutual partition-distance can be interpreted as a generalization of the

partition-distance problem.

It should also be apparent that the number of stars in the optimal solution will be no greater

than min(#Vg; #Vg): every star makes use of, at least, one vertex of Vi and V.

3.3.3 Mutual partition-distance as an optimization problem

The computation of the mutual partition-distance can be performed directly on the corre-
sponding bipartite graph by removing every possible combination of clusters’ intersections
(edges) and assessing the validity of the resulting graph. The search space can be traversed
using a gray code counter [78]: in each iteration only a single edge needs to be added or
removed to the graph under evaluation. This leads to an exponential-time algorithm, as a
function of the number of clusters’ intersections (number of edges of the graph). Another
possibility would be to use the results of section 3.3.2, and compute every possible matching
problem. This would lead to an exponential-time algorithm, as a function of the number of
clusters (number of vertices of the graph). However, it is easy to show that the computation

of the mutual partition-distance fits the definition of an integer optimization problem.
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For the mathematical model, use the following decision variables:
1 if edge e; is kept
X =1-Y, with X = [21,---, 2,7, Y = [y1,- ,ya]7, and z; = 8¢ P ,
0 if not
for each edge e;.

Setting W = [wq,--- ,w,]T, where w; is the weight of edge e;, we formulate the mutual

partition-distance as the following integer constrained minimization problem:

dput = min WY
s.t. i +y; +yr > 1, for each trio of edges (3.1)
ei, ej, e, forming a path of length 3 '

Yi € {Oa ]-}

For K, this translates in a.b decision variables and a(a — 1)b(b — 1) constraints. However,
noting that a graph corresponds to a mutual refinement if and only if every BG2 2 subgraph

has, at most, two edges, the mutual partition-distance can be alternatively defined as:

dput = min N — WTX
s.t. Zeieng , %i <2, for each BGs 5 subgraph (3.2)
x; € {0, 1}

w. This formulation has the

This reduces the number of constraints in K, to
additional benefit of reducing the set of continuous feasible solutions. In fact, although
both formulations are equivalent for binary variables, they would differ if the decision
variables were relaxed to [0,1]. As easily reckon, the feasible solution set for the second
formulation would be a subset of the first. This may result in a faster convergence of the
second formulation, as algorithms for solving the integer problem are usually based on the

continuous counterpart formulation.

3.3.3.1 Reformulation with a compact convex domain

Formulations (3.1) and (3.2) are a brute force NP-hard integer minimization problem. In

general, there is no efficient way of (optimally) solving such type of problems. Nonetheless,
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it can be shown to be equivalent to the following concave minimization problem [79]:

dmut = min WY 4+ YT (1 -Y)
s.t.  yi +yj +yr > 1,for each trio of edges (3.3)
ei, €, ex forming a path of length 3 .

yi € 10,1]
where 1 is a sufficiently large positive number. Provided that pu is large enough the global
minimum is attained only when Y7 (1 —Y) = 0.
3.3.3.2 Reformulation as a generalization of the partition-distance

Yet another formulation can be devised, by adopting a different viewpoint, based on the
results of section 3.3.2. Introduce the additional binary variables

1 if vertex vr; € Vg is a star center,

= , for each vertex vr; € Vp.
0 if not
1 if vertex ve; € Ve is a star center,

cj = , for each vertex ve; € V.
0 if not

The mutual partition-distance can now be computed as

dmut = min N — WTX
st.  xp+ e, +ce; <2,V edge e, with
vre; and wvee,; incident to e;
ZVei incident to vry, i <1+ rg.deg(vry)

ZVei incident to wvcy L S 1 + ck‘deg(vck)
xi,ri,cj € {0,1}

The first condition expresses that two star centers can not be connected; the second and the
third that if a vertex is a leaf, it can only have a edge incident with it — if the vertex is a

star center the inequality is always satisfied.

This formulation requires ab + a + b decision variables and the same number of constraints
in Kqp. In this formulation the variables z; can be relaxed to the real domain [0,1]. This
follows directly from the established correspondence with the matching problem which, as

well known, can be solved in the continuous domain [0,1].

Because the efficiency of each formulation depends on the application, one should select the

most suitable for the target task.
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3.4 Proposed discrepancy measures

The path covered so far leads us to propose a set of different measures to evaluate the quality

of an image segmentation S when comparing it to a reference segmentation R:

e Generic discrepancy measure given by the normalized partition-distance between the
reference segmentation and the segmentation under study: deym(R,S)/(IN — 1), where

N is the number of pixels in the image.

e Asymmetric-measure for applications where over-segmentation is not an issue, dqsy (R, S)/(N—
1), where R is the reference segmentation, S is the segmentation to assess and N is

the number of pixels in the image.

e Asymmetric-measure for applications where under-segmentation is not an issue, dqy (S, R) /(N —
1), where R is the reference segmentation, S is the segmentation to assess and N is

the number of pixels in the image.

e Mutual partition-distance, dy.(S, R), when mutual refinements can be tolerated.

It should not be difficult to further extend this framework according to the specificities of

each application.

3.5 Experiments

The proposed metrics were applied to a set of segmentations outputted by some selected
segmentation algorithms and results were compared in order to assess the metrics’ quality.
For that end, a software application’ was developed to implement the proposed metrics. The
assignment problem was solved based on the well-known hungarian method by Kuhn [80].
For HD images (1920 x 1080) with less than 256 regions, the computation takes less than
one second in a regular PC (1 GHz AMD microprocessor, 256 MB RAM).

In a first test to check the adequacy and performance of the proposed solution to evaluate
segmentation’s quality, the symmetric metric was applied to the output of two range seg-
mentation algorithms (UE and USF) presented in [68], using the ABW imagery, provided by
the same author. The distance from the ground truth segmentation and the segmentation

produced by each algorithm was calculated for each of the 30 test images on the set.

The partition distance results, presented in figure 3.9, consistently attribute better quality

to UE, except for the 15" frame. This rating was found consistent with the subjective

fThe software, as well as all streams used in the tests, is available upon request to the authors.
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evaluation that a human observer would make by direct visualization of the segmentation

partitions. These results are also in accordance with the average values in [68].

4.5 T T T T T

m UE E
—4— USF

4 partition distance for ABW imagery

= N w
B, N 0L Wl

normalized distance (percentage)

o
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a1
=
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Figure 3.9: UE versus USF results.

In a second test, the strength of the proposed asymmetric distances was also gauged. Towards
this end, a segmentation algorithm that can be parametrically configured was selected.
Different segmentation partitions, Sy, were produced for the same image (see figure 3.10),
where n stands for the number of regions obtained for the partition. For each pair of
segmentation partitions we computed the dgy,, and d,s, distances. Results are presented in
table 3.5.

Figure 3.10: Segmentation partition Se3 on left, segmentation partition Sagg on right, original
image on center.

From table 3.5 we see that dgy,, increases as we move away from the main diagonal. This is
expected because as |i — j| increases S; and S; become more and more different. However,
for a given S;, dasy(Si, Sj) decreases while j increases until 4, attaining 0 when j = i. It then
stabilises in very low values for j > ¢. This is so because segmentation algorithms tend to

produce finer partitions as the segmentation resolution is increased.
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Table 3.1: Tables showing the symmetric and asymmetric results (percentage values).
(a)
| dsym | S23 | Saz | Stz | Ssa | Sizo | Saos |
So3 0.00 | 14.66 | 30.09 | 30.10 | 34.95 | 51.30
Sa7 || 14.66 | 0.00 | 18.84 | 18.86 | 23.92 | 40.73
S77 || 30.90 | 18.84 | 0.00 | 0.09 | 12.89 | 30.87
Sga || 30.10 | 18.86 | 0.09 | 0.00 | 12.88 | 30.85
S1o9 || 34.95 | 23.92 | 12.89 | 12.88 | 0.00 | 25.12
So96 || 51.30 | 40.73 | 30.87 | 30.85 | 25.12 | 0.00

(b)
| dasy | Sos | Saz | Stz | Ssa | Sizg | Saze
Sos 0.00 | 0.85 1.80 | 1.80 | 2.10 | 2.20
Sa7 || 14.61 | 0.00 | 2.98 | 2.98 | 3.03 | 3.25
S77 1 29.98 | 18.21 | 0.00 | 0.00 | 4.20 | 3.67
Ssq || 29.99 | 18.23 | 0.09 | 0.00 | 4.24 | 3.70
S129 || 34.68 | 23.39 | 10.51 | 10.46 | 0.00 | 3.76
Soog || 51.11 | 40.32 | 30.16 | 30.11 | 24.74 | 0.00

Finally, the mutual partition distance was assessed with the Berkeley Segmentation Dataset
[36]. The dataset consists of a collection of images where each image was segmented by

different humans in color, grayscale and inverted-negated [35].

We implemented both dy,,,¢ and Martin’s LCE measure [35] in C++. Formulation (3.2) of the
mutual partition-distance was used in the software implementation. The linear programming

problem was solved with the freely available Ip_solve vs 5.0 software. Tests were carried out
on a regular PC (1 GHz AMD microprocessor, 256 MB RAM).

Figure 3.11 shows the distribution of d;,,+ and dgy,;, over the dataset for pairs of segmenta-
tions of the same image and pairs of segmentations of different images. As seen, although
two segmentations of the same image may differ appreciably, as given by the d,,, measure,
they are almost always identical, in what concerns the d,,,; measure. For segmentations
of the same image, the mutual partition-distance exhibits a strong peak near zero error,
given evidence of the consistency of human segmentations. It is also visible that the fraction
of overlap — bayes risk — is smaller for the mutual partition-distance. Some examples
of segmentation pairs, at different values of dsy,, and dy,.¢, are shown in figure 3.12, each
distance being presented both as a numerical value and as black pixels of a mask image.

These results are in accordance with the results achieved in [35].

Then, we proceeded with the comparison of d,,; and LCE [35], in the capability of discrim-

inating same-image and different-image pairs of segmentations.
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(a) Distribution of dyyut. (b) Distribution of dgym.

Figure 3.11: Comparison of d,¢ and dgy, for pairs of human segmentations.

In figure 3.13(a) we plot the distribution of the d,,,; and the LCE measures over the
segmentation database, for pairs of segmentations of the same image; in figure 3.13(b) it
is presented d,: vs. LCE for pairs of segmentations of the same image. In figure 3.14 the
same information is depicted for pairs of segmentations of different images. As expected,

both measures are portraying similar information.

It may seem a bit disappointing, however, that the proposed measure has an inferior capabil-
ity to discriminate segmentations of the same image from segmentations of different images,
than the LCE measure, as evaluated by the Bayes Risk, figure 3.15. That is probably a
consequence of some human segmentation inconsistencies or errors (second pair in figure
3.16) and of degenerate pairs in the different-image pairs: segmentations that compare
favourably with nearly any other because all the segments are small or fortuitous alignment

of segmentations [35].

Although the proposed measure was not intended for the separation of same-image and
different-image pairs of segmentations, it is not difficult to, using the general setting intro-

duced in section 2.3.1, construct a measure with improved performance for this task.

To exemplify, and starting from the intersection-graph corresponding to a pair of seg-
mentations, we considered as an additional feature the percentage of remaining edges in
the calculation of dyus, drem. Following a pattern classification approach [81], based on
the SVM principle [82], several pairs of features were gauged: (dput, LOE), (dmut, drem ),
(LCE,dyem). An optimized measure for the separation of these two populations was obtained
as dopt = 0.82dyt + 0.18d,¢p,, with the boundary decision at do,; = 0.165, figure 3.17.
Naturally, better measures for this dataset could be thought, either by adopting non-linear

boundaries in the selected two-feature space or by considering other features.

A side information of the proposed measures is the indication of the erroneous pixels (the
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Figure 3.13: Comparison over the Berkeley Segmentation Dataset for pairs of human

segmentations of the same image.

pixels to be removed), black pixels of the mask images in figures 3.12 and 3.16, information

that can be useful for further processing.

3.6 Discussion

In this chapter we have instantiated several measures to compare image segmentations

based on the intersection-graph. Starting from the symmetric partition-distance and the

asymmetric partition-distance, for both of which efficient computing algorithms exist, we
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(a) Distribution of the dy.¢ and LCE [35] measures. (b) dmut vs. LCE [35].

Figure 3.14: Comparison over the Berkeley Segmentation Dataset for pairs of human
segmentations of different images.
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(a) Bayes Risk for the dm.+ measure. (b) Bayes Risk for the LCE measure.

Figure 3.15: Comparison of the Bayes Risk.

concluded with the mutual partition-distance. A link has been established between this
measure and the partition-distance, which can be seen as a special case of the mutual
partition-distance. Binary integer linear programming formulations for the computation
of the measure were also provided. The resulting algorithms have shown to be effective
when applied to a real-world dataset. Although the notion of mutual refinement may not
capture all the unpredictability in human segmentations, it certainly models a wide category
of variabilities. This may imply the need to complement it with other criteria, as exemplified

by the two feature example.

The aim of this work is not to propose an evaluation measure incorporating perceptual

or contextual information. As a low level measure, the proposed techniques should rather

53



CHAPTER 3. PARTITION-DISTANCES

’ LCE ‘ At H pair of segmentations ‘
AL N R
EAT ey . L NN
s g N N R ~ AN D
£ SR AN SN
‘f | . é% \W \x\ '»3 (L (¢ \ \\\
BTN \ N (1 N S R R
S |3 e as P
77 I 77
. I 2 /) ) )
v L (] A7 (]
s o) [/ J 10
! ; \ \f/ / F \ ry«j /
™ o Y NV Y AN { "
- |« iyt ‘ ‘u AR~ WA\ N
[a) o IRIAY N

Figure 3.16: Example pairs at various LCE and d,,,; values.
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Figure 3.17: Construction of a measure with improved discriminative capability.

produce valid results under all applications where the reference segmentation is available.
These measures could also be used as a building block in more complex and application

specific evaluation schemes.
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Chapter 4

Data in, data out fusion approaches

for hybrid image segmentation

Multisensor data fusion has been traditionally characterized as integration at different hi-
erarchical levels depending on the stage of the processing at which such data fusion takes
place. It has been common practice to view this as a three-level hierarchy, namely, data
fusion, feature fusion, and decision fusion. Under this umbrella, general and well-known

techniques for data fusion could be attempted for hybrid image segmentation.

In this chapter, after providing an overview of the different schemes for fusion of information,
we evaluate fusion techniques based on the data in, data out fusion model. This model is the
most straightforward approach, as it allows the use of standard and established segmentation
algorithms without modification, by creating a new colour triplet containing information from
the original colour and depth images. The general approach for the fusion of images based
on the data in, data out fusion model, is to create a new set of images, usually of reduced
number, from the original set of images, figure 4. All images are assumed to be geometrically

aligned and have the same pixel size.

colour
data

. |decisign
fusion % segmentation —%

depth

Figure 4.1: Data in, data out fusion.
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4.1 Multisensor information fusion®

In a fusion process, information may be of various kinds, ranging from measurements to
verbal reports. Some data cannot be quantified; their accuracy and reliability may be
difficult to assess. Accordingly, the definition of data fusion should not be restricted to
data output from sensors (signal). Opposite to most of the published definitions, it should
not be restricted to methods and techniques or refer to functional models or architectures of

Systems.

Under the auspices of the SEE, the French affiliate of the IEEE, and the EARSeL, the
Furopean affiliate of the International Society for Photogrammetry and Remote Sensing
(ISPRS), the following definition was agreed in 1998:

data fusion is a formal framework in which are expressed the means and tools
for the alliance of data originating from different sources. It aims at obtaining
information of greater quality; the exact definition of ‘greater quality’ will depend

upon de application.

Note that the word “data” in data fusion is taken in a broad sense; It may be replaced by

information fusion.

If observations are provided by sensors and only by sensors, one use the term sensor fusion
or multisensor fusion. Image fusion is a sub-class of sensor fusion; here the observations are

images. This will be the sub-domain of interest from now on.

In general, one can look upon sensors as windows into the physical environment in which the
phenomenon under observation is occurring over a period of time, with each sensor having
its own uniquely defined window. These windows, in effect, are constraints on what they can
sense or perceive, or measure. Accordingly, the information generated in the environment,
about the phenomenon under observation by the sensors can be thought of as undergoing
decomposition into its components by the sensors; that is, sensor (caused) fission. This
information fragmentation, resulting from such an unavoidable fission process, has to be
appropriately counteracted by a sensor (information) fusion process. This supports the
postulate that fusion is a fission inversion process and forms the basis for development and
assessment of sensor fusion methodologies. Stated equivalently, these individual information
components, acquired through the different sensor windows, require a reunification, that
is, sensor fusion, to derive the factual representation of the phenomenon occurring in the
environment. Here, fission is a natural occurrence resulting from the deployment of real-
world sensors with specific physical constraints, both spectral (in terms of what they can

see) as well as spatial (in terms of where and how far or near they can observe). Thus fission,

$Compiled from [83-87].
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being unavoidable, has to be counteracted with a suitably ”optimal” fusion process. The
search for the optimal fusion process should therefore be as broad as practical and has to
explore all potentially beneficial avenues spanning all the conceivable fusion models. This
represents the main objective of the ensuing discussions. Thus this sensor fusion activity
can be looked upon as an information retrieval or preservation process and one can conceive
of an associated measure of effectiveness. An ideal sensor fusion process would therefore be
able to retrieve or restore all of the inherent information of interest in the environment from

the data sensed by the multisensor suite.

Registration

The information entering a fusion process should be aligned. The alignment of sources defines
a common representation on the basis of the measurements and the representations at an
instant of time. Many techniques for image fusion are available [88,89]. However, we will

assume that images have already been delivered co-registered.

4.1.1 Fusion classification

Sensor fusion concepts and techniques can be characterized from a variety of perspectives,
such as application domain (intended application, such as defence, robotics, medical, and
space), fusion objective (detection of an object or an event occurrence, recognition of an
object class or event category, identification of an object or characterization of an event,
tracking of an object or monitoring an event, estimation of a future state of a system,
achieving physical contact with an object, taking note of phenomenological changes, as-
sessment of quality/quantity in processes, and combining data sources to make decisions),
sensor type (active sensors, passive sensors, human sources, data archives, etc), sensor suite
configuration (parallel and serial or tandem configurations are by far the most common),

and fusion level.

Multisensor data integration has been traditionally characterized as fusion at different hi-
erarchical levels depending on the stage of the processing at which such data integration
takes place. It has been common practice to view this as a three-level hierarchy, namely,
data fusion, feature fusion, and decision fusion. This three level hierarchy has become fairly
accepted terminology although to some extent this is still a matter of individual choice
and hence is subjective in nature. However, in the aforementioned fusion levels, the input
and output are assumed to be at the same level. But that does not need to be the case.
Expanding the three level hierarchy of fusion into five fusion process I/O dependent modes,
we have [83]:
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1. Data in, data out (DAI-DAO) fusion. This is the most elementary or lowest form
of fusion conceivable under this hierarchy. This fusion mode, being one of fusion of
data inputs resulting in a form of data output, has been commonly referred to as data
fusion. This could conceivably be used in combining information from like sensors,
that is, sensors with compatible data rates, data dimensionality and formats, for other
application areas as well. Of course data registration, both spatial and temporal, is
critical to successful data fusion. Fusion paradigms in this category are generally based
on techniques developed in the traditional signal and image processing domains, such
as arithmetic (linear or non-linear) or logical operations that combine two or more

similar data elements to produce another similar fused data element.

2. Data in, feature out (DAI-FEO) fusion. Here, data from different sensors (or different
bands of the same sensor) are combined to derive some form of a feature of the object in
the environment or a descriptor of the phenomenon under observation. Fusion in this
mode, depending on one’s view point, input-fusion of data or output-fusion resulting
in features, has been looked upon either as data fusion or feature fusion. The manner
in which depth perception is achieved in humans, by combining the visual information
acquired from the two eyes, can be looked upon as a classical paradigm of this feature

or information fusion.

3. Feature in, feature out (FEI-FEO) fusion. Both the input and output of the fusion
process are features. Accordingly, this has been commonly referred to as feature
fusion. Typically under feature or discriminant fusion, instead of sensed measurements,
derived features are combined either quantitatively, say, in a multidimensional feature
space sense or qualitatively, within a heuristic decision logic process, or through a
combination of such qualitative and quantitative information. This is particularly true
when each sensor in the environment has its own set of uniquely different data structure
and features obtainable from one are not derivable from the other. For example, shape
features obtainable from an imaging sensor may not be available from a nonimaging
radar and on the other hand, range information obtainable from the latter may be
outside the scope of the former. The two pieces of information can be combined to
derive a measure of the volumetric size of a target, a typical fusion activity at the

feature level.

4. Feature in, decision out (FEI-DEO) fusion. Here, the inputs are the features from
different sensors and the output of the fusion process is a decision such as target class
recognition. Here, the fusion process accepts features extracted from different sensors
and derives decisions based on a simultaneous assessment of the multisensor based
features. Most of the tools available for processing in this mode are based on classical
pattern recognition concepts and can be looked upon as merely the natural extension
to the domain of multi-source data from its classical use in the context of single source
data.
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5. Decision in, decision out (DEI-DEO) fusion. In this mode the fusion process essen-
tially combines decisions made from independent data sources and/or independent
decision processes operating on different aspects of the data from the same source to
generate a more robust decision that is less sensitive to the vagaries of the individual
decision processes. A variety of approaches exist in this domain and include voting
schemes (majority based fusion - single look and multi-look temporal fusion, consensus
based fusion — multilook temporal fusion, combinations of Boolean logic, simple
and weighted voting), probabilistic approaches (Bayesian, Neyman-Pearson, etc.), and
other miscellaneous approximate reasoning approaches such as, fuzzy logic, evidential
reasoning, neural nets. The applications discussed below show the extent to which
these predominate in recent studies. In real-world applications, fusion potential may

exist in more than one of these modes and has to be exhaustively explored.

There exists a persistent school of thought among researchers in the sensor fusion arena
that fusion at the lowest possible level in a given scenario is the best approach since the
level of detail in the information is highest at that level. However, it should be noted that
the corruption of information due to noise is also the highest at that level. The process of
extracting relevant information from the data, in terms of features and decisions, on the one
hand may be throwing away valuable information in terms of the details, but on the other
may also be reducing the noise that degrade the quality of the ensuing decision. Thus there
is an obvious trade-off to be evaluated in choosing the fusion architecture best suited for a
given application scenario. Only an exhaustive exploration of the alternatives individually

and in combination can help in evaluating such trade-off.

4.2 Intensity substitution approach for hybrid image segmen-

tation

The intensity substitution approach is based on substituting the intensity (I) from the colour
information by a linear combination of the depth image (D) and the original intensity:
I'=aD+(1-a)l, a € [0,1]. Toward that end the colour information is previously converted
into a convenient colour space, such as IHS or L*u*v*, where the brightness is decoupled
from the hue and colour purity. The substitution of the intensity implies to previously match
the dynamic range of D to I, which can be done by histogram matching [90], or variance
and mean matching, or other techniques. Finally, (I, , ) is converted back into the original

colour model.
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4.2.1 Results

Figures 4.2, 4.3 and 4.4 exhibit some selected results obtained with the intensity substitution
method. RBG values were converted to Y CpC, and the dynamic range of depth data was
matched to Y with the algorithm proposed in [90].

(c) @ =0.5. dsym = 47.32, dppus = 7.73 (d) a =1.0. dsym = 45.21, dpur = 11.75

Figure 4.2: Results with the Mean Shift algorithm, for the ‘chess’ image.
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L

(a) fused ‘billiards’ image, o = (b) @ = 0.0. dsym = 62.73,

0.5. Aot = 3.32

§ g? %é&% ? §
(€ a = 05 deym = 59.23, (d) a = 1.0. deym = 58.08,
Ayt = 6.38 Aot = 7.09

Figure 4.3: Results with the JSEG algorithm, for the ‘billiards’ image.

(B) a = 0.0. deym = T73.04,
Ayt = 9.70

&

@ a = 05 deym = 73.17, (d) o = 1.0. deym = 78.54,
Ayt = 10.35 Ay = 11.21

Figure 4.4: Results with the NCut algorithm, for the ‘teacup’ image.
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4.3 Multiresolution approach for hybrid image segmentation

As seen, the most straightforward approach to image fusion is to take a weighted average of
the intensity and depth images pixel by pixel; however, along with simplicity comes several

undesired effects including a loss of detail.

It was recognized that multiscale transforms (MST) could be very useful for analyzing the
information content of images for the purpose of fusion. Most of these approaches are based
on combining the multiscale decompositions (MSD’s) of the source images, figure 4.5. The

basic idea is to perform a MSD of each source image, by applying a MST. This transformation

MST

fusion iMST,
process

MST

fused multiscale fused
representation Image

registered multiscale
source images representations

Figure 4.5: Block diagram of a generic image fusion scheme (from [91]).

domain representation emphasizes important details of the source images at different scales,
which is useful for choosing the best fusing rules. Then, using a feature selection rule, a
fused multiscale representation is formed from the pair of multiscale representations. The
simplest feature selection rule is choosing the maximum of the two corresponding transform
values. This allows the integration of details into one image from two or more images. Finally
a fused image is obtained by taking the inverse multiscale transform (iMST) of the fused
representation. Pyramid transform and discrete wavelet transform are the most commonly
used MSD methods [91].

4.3.1 Results

Before the fusion process, the dynamic range of depth data was matched to Y, again using the
algorithm proposed in [90]. The multiscale transform adopted was the Gaussian pyramid,;
the feature selection rule was choosing the maximum of the two corresponding transform

values. Figure 4.6 exhibits some selected results obtained with this method.

62



4.3. MULTIRESOLUTION APPROACH FOR HYBRID IMAGE SEGMENTATION

(c) JSEG result. dsym = 67.25, dmur = 4.24 (d) NCut result. dsym = 63.98, dmur =
15.60

Figure 4.6: Results for original algorithms with the multiresolution approach.
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4.4 Discussion

The evaluation of the data in, data out model with the set of images with perfect depth
information allows discarding this technique for such a job. The quality of the segmentations
achieved with such approach is roughly the same as for the colour images alone. The
algorithms are unable to correctly identify the main objects in the images, with parts of
objects being grouped with the wrong object. Under the measures adopted this translates
in achieving a high partition-distance dgy,, (the algorithms are also unable to control the
segmentation resolution), with a high mutual partition-distance d,,,, as the segmentations
are not consistent. Because the results attained with the image data set with perfect depth
information were unattractive, these techniques were not tested with the data set with noisy

depth information.
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Chapter 5

Data concatenation approach for

hybrid image segmentation

The two techniques evaluated up until now allow the use of standard and established
segmentation algorithms without modification by creating a new colour triplet containing
information from the original colour and depth images. Although trivial to apply, the

advantages were also found to be limited.

Another straightforward approach is just to concatenate the data, by juxtaposing all the

data from the two images in an augmented vector, figure 5.1.

colour I data fusion
and
depth © L_segmentation

decisi@

Figure 5.1: Data concatenation approach for hybrid image segmentation.

This procedure allows a joint modelling of all features in a compound fashion. However,
modelling of such a vector may be extremely difficult due to the higher dimensionality, and

complex statistical characteristics of disparate sources.

With this approach, conventional algorithms need to be adapted to deal with a fourth data
channel.
The JSEG algorithm could be augmented with the depth information at different stages:

1. during the colour quantisation phase the incorporation of depth as a fourth ‘colour’
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I ‘chess’ [ ‘billiards’ [ ‘teacup’ ‘cones’
parameters (7;6.5;1024) (7;6.5;1024) (7;6.5;1024) (7;6.5;1024)
original regions 54 41 55 49
method dsym 48.77 56.24 65.18 69.85
Amut 10.40 1.05 16.58 6.19
parameters || (14;13; 13; 1024) | (14;13; 13; 1024) | (14;13; 13;1024) | (14;13; 13; 1024)
modified regions 49 37 46 42
method dsym 40.13 62.60 37.85 61.24
dmut 2.60 0.70 3.16 2.04

Table 5.1: Results for the Mean-Shift based algorithms over the test dataset with perfect
depth information.

channel would allow keeping apart clusters of points with similar colour on spatially
joint areas in the XY plane but with different depths. Note that once a set of points

is incorporated in the same cluster they will not the separated again;

2. the J indicator is naturally extended to make use of the depth information as a third

spatial dimension;

3. During the merging process, the quantized colours from the colour quantization process
are used as colour histogram bins. The colour histogram for each region is extracted
and the distance between two colour histograms ¢ and j is calculated by Deog (i, j) =
||P; — Pj||, where P denotes the colour histogram vector. Again, the depth information
could be used as a fourth colour channel, contributing to the discrimination of two

histograms.

The NCut algorithm could also be modified by reflecting in the weight of the edges of the
graph the depth difference between each pair of points.

However, this is even a more a natural extension to algorithms based on unsupervised
clustering techniques from machine learning: the segmentation method based on the mean-
shift algorithm is one of such kind. We adapted the publicly available software to receive a
second image containing the depth information, adding a third parameter, the bandwidth
for the depth data.

When applying the modified method to the test set with perfect depth maps, the results
seem promising, revealing a significant improvement over the standard method (figure 5.2 and
table 5.1). Note however that the extension of the algorithm favours a symmetric treatment
for the colour and depth information. This may be inappropriate for real-life circumstances,
where the depth information is noisier than colour information. As such, the assessment
of this approach with the second test dataset was advised, and conducted with the results

shown in figures 5.3 and table 5.2.
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Figure 5.2: Results for the Mean-Shift Modified algorithm, over the test dataset with perfect
depth information.
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(a) ‘walk street’ image.
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(c) ‘walk park’ image.

(g) ‘men’ image.

(b) ‘walk street’ error mask.
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(h) ‘men’ error mask.

Figure 5.3: Results for the Mean-Shift Modified algorithm over the test dataset with noisy

depth information.
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5.1.

CONTOUR REFINEMENT

[ ‘walk street’” [ ‘walk park’ | YJuggler’ men
parameters (7;6.5;1024) (5;4;1024) (7;6.5;1024) (7;6.5;1024)
original regions 40 49 26 50
method dsym 37.64 29.78 25.54 66.12
Amut 4.91 2.92 4.32 9.46
parameters || (14;13; 13; 1024) | (14;13; 13; 1024) | (14;13; 13;1024) | (14;13; 13; 1024)
modified regions 44 32 33 39
method dsym 40.13 62.60 37.85 61.24
Amut 6.99 4.16 3.85 12.99

Table 5.2: Results for the Mean-Shift based algorithms over the test dataset with noisy
depth information.

The results attained for the dataset with noisy depth information expose two properties

inherent to this approach:

e the joint, symmetric exploitation of colour and depth data allows a better identification
of objects in the image: notice the heads, coherently segmented by the modified

method, distinguished from the background;

e the noise present in the depth data translates into a lost of quality of the contours,
becoming noisier, departing from their true location: observe the error involving each

person in the images.

The main drawback just identified has its root in the symmetric use of colour and depth

information. We present next a tentative solution to this problem.

5.1 Contour refinement

To retain the advantage of this method of correctly identifying the main regions present in
the image but improve the quality of the edges, an additional stage was gauged: first, each
region is eroded with a structuring element large enough to leave the influence zone of depth
noise near edges — its size will depend on the noise level in the depth data; then, a region
growing mechanism is performed using the colour information alone (or in conjunction with
the depth data, but asymmetrically). A well-known choice for image segmentation based on
region growing is the watershed algorithm [92]. That can be achieved by modifying the image
so that it only has regional minima wherever the markers are nonzero, using the H-minima

transform [93].

Performing a morphological erosion with a centered structuring element of size 17 x 17 for
the noisy dataset, followed by a watershed using the eroded regions as markers, we attained
the results reported in table 5.3. We tested different combinations for the gradient inputted

to the watershed algorithm: first only a sum of the gradient of the three colour channels,
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l “ ‘walk street’ | ‘walk park’ | ‘juggler’ | ‘men’
colour regions 48 42 40 43
gradient dsym 39.03 61.85 37.95 61.44
only At 7.7 4.18 3.91 13.25
regions 47 44 40 43
summed dsym 38.95 61.82 38.18 60.35
Amut 6.85 4.51 3.89 12.98
regions 48 42 41 43
modulated dsym 39.02 61.75 38.02 61.14
At 7.11 4.10 3.49 12.88

Table 5.3: Results for the modified mean-shift method over the test dataset with noisy depth
information, with contours refined by region growing.

Figure 5.4: ‘walk park’ error image, with edge refinement with modulated gradient: error
mask for du:-

in the CIE L*a*b* colour space; then a combination of the three colour gradients with
information of the gradient information from the depth data. Being the noise of the depth
data especially relevant near edges, the gradient of depth data was inputted as the difference
between the maximum and minimum values of a depth over a window large enough to absorb
the location uncertainty — this constitutes the morphological gradient of depth, MG(d),xp-
We set the window to w x h = 17 x 17. Finally, instead of summing the depth gradient to the
colour gradient, we also modulated the colour gradient by a measure of the depth gradient.

Summarizing, three different gradients were fed to the watershed algorithm, to know:

e G=G(L)+G(a)+G(b).
e G=G(L)+G(a)+G(b) + MG(d)wxn-

e G=(G(L)+ G(a) + G(b)) e*MIDwxn  Currently oo = 0.02.
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5.2 Discussion

The joint modulation of depth and colour information looks like the best approach for hybrid
image segmentation, taking full advantage of all available information. However, the noise
in the depth information needs to be conveniently handled. The symmetric use of depth and
colour information in a modified well-known image segmentation method enabled to improve
the identification of the main objects present in the image — observe the head of persons in
the images. However, with it came a noisy identification of contours, motivated by the depth
quality usually available in real-time scenarios — focus on the contour of the legs. Carrying

on a refinement stage on contours allowed us to attain a superior performance.
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Chapter 6

Hybrid image segmentation by

fusion of decisions’

The attempts analysed so far to fuse depth and colour information have been symmetric with
respect to the two sources (except for refinement step carried on the technique presented in
the last chapter). However, colour and depth have different degrees of reliability, i.e., in
practice depth information is noisier and with lower resolution than colour information. To
account for this we could associate a “data set reliability” with each data set so that a
less reliable dataset has less effect on the fusion process. Even if that was implemented
— by modifying a standard segmentation algorithm — we were still left with the problem
of estimating the number of segments in the image. Moreover, the possible misalignment

between colour and depth information had also to be taken into account.

As such, we argue that a practical framework for hybrid image segmentation should

1. use the depth information to automatically estimate the number and localization of
objects in the image. This process should produce markers (‘hints’) to guide the
segmentation of the colour image. The colour information may be used together with

the depth to assist this process.

2. perform a guided image segmentation, using essentially the colour information, starting

from the markers previously created.

We will now investigate each of these two steps.

$Some portions of this chapter appeared in [49].
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CHAPTER 6. HYBRID IMAGE SEGMENTATION BY FUSION OF DECISIONS

6.1 Automatic marker extraction

In most real-life images, objects have large vertical sections. In order to exploit this property
for object segmentation, and as others before [94-96], a density image is defined by trans-
forming the depth information on the XY plane to the XZ plane, where the value at position
(z,z) of the density image denotes the number of points in the depth image at position
x, taking the value z (by ‘integrating’ along the Y direction): let D(z,y) be the depth
information value at position (x,y) and d(x, z) the value of the density image at position
(z, z); then

d(z,z) = 25 (D(z,y) — 2)
y

lifn=0
where d(n) =
0 otherwise

While early efforts have exploited the X7 image segments to infer bounding boxes for objects
in the XY image, our attempts provided limited results, as the extracted bounding boxes do

not bound the objects completely, see figure 6.1.

|

\C |

b
K )
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/

Figure 6.1: Bounding boxes for the ‘chess’ image.

This scenario suggested the use of the XZ image for object marker extraction; that can be
accomplished using a simple threshold technique. More generally, we incorporated in this

phase

1. a pre-processing step, which can include a low-pass filter, morphological operations,
histogram equalisation or other preparatory operations. Our implementation performs
a centered morphological opening operation, with a rectangular structuring element of
size (205, + 1) x (20, + 1), followed by a centered morphological closing operation, with

a rectangular structuring element of size (2¢, + 1) X (2¢, + 1);
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6.1. AUTOMATIC MARKER EXTRACTION

2. an “hysteresis” thresholding operation. If a value is not inferior to the upper threshold
limit, ¢, it is immediately accepted; if the value lies below the low threshold, #;, it is
immediately rejected; points which lie between the two limits are accepted if they are

connected to pixels which exhibit strong response (at least ty);

3. a connected component analysis. Each connected component is identified as an object

marker. Our system uses 8-connected neighbourhoods;

4. a post-processing step, with objects with z values less than a predefined value (10%
of the maximum possible z value in our implementation) being ignored. Low z values
correspond to points farthest away of the camera or points to which the depth could

not be estimated.

The resulting object segmentations, in the XZ image, for the test images, are presented in
figures 6.2(a), 6.2(c), 6.2(e), 6.2(g), 6.3(a), 6.3(c), 6.3(c) and 6.3(g); each object is represented

with a unique colour.

The object markers can be transported to the XY plane by including a pixel (x,y) in the
marker of the object O; if the corresponding (z,z) = (x, D(x,y)) value in the density image
lies in the object marker O;, figures 6.2(b), 6.2(d), 6.2(f), 6.2(h), 6.3(b), 6.3(d), 6.3(d) and
6.3(h).

While the pre-processing by morphological opening was implemented mainly as a kind of
noise removal, with the effect of eliminating small and thin objects, the pre-processing
by closing has the effect of filling small and thin holes in objects, and connecting nearby
objects. This last property is of major importance in the presence of real-life depth maps.
The quantisation effect in depth information, when sufficiently severe, is responsible for the
formation of small vertical strips, incorrectly identified as individual objects (figure 6.4(a)).
Morphological closing, with a structure element large enough to overcome the quantization

effect on depth, allows to restore the object connectivity, figure 6.3(a).

6.1.1 Marker refinement

As visible in figure 6.2(b) markers may extend beyond the object or fill only a small part
of the object. If the next step, the guided image segmentation, is a growing mechanism,
markers extending beyond the objects are an issue. Therefore, a marker refinement step
should be carried out to extend markers to pixels with high probability of belonging to the
object and remove the markers from pixels with low probability. By simultaneously using
the colour and depth information, markers can be extended to pixels where colour and depth

information ‘agree’ and deleted from pixels where they ‘disagree’.
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(a) Objects in the XZ plane. t, =
9 t1 =3 onh =2 0, =1 ¢ =
0 ¢, = 3; 10 objects detected.

(c) Objects in the XZ plane. t, =
24 tl:20 Oh=1 OvZO Cp =
0 ¢y = 3; 9 objects detected.

T A—— -

(e) Objects in the XZ plane. t, =
20 4 =12 oh =2 0, =0 ¢
0 ¢, = 3; 6 objects detected.

(g) Objects in the XZ plane. t, =
9tl=4 Oh:2 OUZO Cp =
0 ¢y, = 1; 25 objects detected.

(b) Markers in the XY plane, super-
imposed on the ground truth segmen-
tation.

(d) Markers in the XY plane, super-
imposed on the ground truth segmen-
tation.

(f) Markers in the XY plane, superim-
posed on the ground truth segmenta-
tion.

(h) Markers in the XY plane, super-
imposed on the ground truth segmen-
tation.

Figure 6.2: Automatic marker extraction for the test image set with perfect depth

information.



6.1. AUTOMATIC MARKER EXTRACTION

(a) Objects in the XZ plane. t, =
40 t;, =20 opb =2 0, =0 c¢p =
0 ¢, = 3; 16 objects detected.

(c) Objects in the XZ plane. t; =
80 t; =40 opb =2 0, =0 ¢, =
0 ¢, = 3; 7 objects detected.

(e) Objects in the XZ plane. t, =
9 t4, =3 o, =2 0, =1 ¢, =
0 ¢, = 3; 4 objects detected.

(g) Objects in the XZ plane. ¢, =
56 t; =16 op =2 0, =0 ¢ =
0 ¢, =2; 8 objects detected.

(b) Markers in the XY plane, super-
imposed on the ground truth segmen-
tation.

— L Fa e
(d) Markers in the XY plane, super-
imposed on the ground truth segmen-
tation.

(f) Markers in the XY plane, superim-
posed on the ground truth segmenta-
tion.

(h) Markers in the XY plane, super-
imposed on the ground truth segmen-
tation.

Figure 6.3: Automatic marker extraction for the test image set with noisy depth information.
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(a) Objects in the XZ image without closing as (b) Objects in the XY image without closing as a
a pre-process, superimposed on the ground truth pre-process.
segmentation.

Figure 6.4: Importance of morphological closing as a pre-process.

The simplest approach is just to erode ‘enough’ the marker to remove pixels wrongly marked.
More generally, an algorithm can be devised to learn to robustly differentiate objects from
the marked pixels; then markers can be deleted from pixels with low confidence and enlarged

to pixels with high probability.

A solution of this kind is to use the pixels marked in the first step to train a multiclass
classifier to discriminate the objects based on six features: z,y,z and the colour triplet
(L*a*b* in our implementation). Using the trained classifier, probabilities can be estimated
for each pixel and a probability image and a class image map constructed. From the
initial markers an average pixel probability is estimated for each object O;. Finally, pixels

attributed to object O; but with probability below average are removed.

6.2 Guided image segmentation

Many approaches are possible for the segmentation using the hints produced in the previous
stage. A well-known choice for guided image segmentation algorithm is based on the
watershed [92]. That can be achieved by modifying the image so that it only has regional

minima wherever the markers are nonzero, using the H-minima transform [93].

This technique needs a marker to the outer of the detected objects. Toward that end the
distance to the closest marked pixel is computed for all pixels — marked pixels are naturally
at 0 distance. Because it is likely that object markers do not fill completely the corresponding

object, the outside marker was defined by keeping only the pixels at greatest distance (we
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kept pixels at distance of at least 0.25 of the maximum value).

Next, objects’ markers were refined as previously explained using a morphological erosion —
erosion element of size 17 x 17, centered at (8,0). The asymmetry adopted for the vertical
direction is explained by the main cause for markers extending outside the objects: objects
in contact with the ground. Before erosion, each marker was pre-processed by filling possible
holes in it; after erosion, and because it is likely that both the transportation of the markers
from the X7 image to the XY image and the erosion step lead to disconnected markers, we

keep only the largest connected component, for each marker.

Colour- and intensity-gradient information are combined to obtain a final gradient capturing
all perceptual edges in the image. It would be desirable to also incorporate the depth
information in the final gradient, with the aim to leave it unmodified in areas at the same

depth but emphasize in areas of different depths.

We tested different combinations for the gradient inputted to the watershed algorithm: first
only a sum of the gradient of the three colour channels, in the CIE L*a*b* colour space;
then a combination of the three colour gradients with information of the gradient information
from the depth data. Being the noise of the depth data especially relevant near edges, the
gradient of depth data was inputted as the difference between the maximum and minimum
values of a depth over a window large enough to absorb local uncertainty — this constitutes
the morphological gradient of depth, MG(d),,xn. We set the window to w x h =5 x 5 for
the dataset with perfect depth and w x h = 17 x 17 for the dataset with noisy depth data.
Finally, instead of summing the depth gradient to the colour gradient, we also modulated the
colour gradient by a measure of the depth gradient. Summarizing, three different gradients

were fed to the watershed algorithm:

e Gi =G(L)+G(a)+G(b).
e Go=G(L)+G(a)+ G(b) + MG(d)wxh-

e G3 = (G(L) + G(a) + G(b)) e®MIDwxr  Currently o = 0.02.

Results are presented in table 6.2; for each image, the example with the best performance
was selected for visual presentation in figure 6.5. Appreciate the good control of the number
of segments achieved, without compromising the quality of the segmentation, a side effect for
conventional methods. The objects were correctly identified as a whole; under the measures
adopted, this translates in achieving a low partition-distance, dgy, (and a low number of
regions, R), without affecting the consistency of the segmentation, as measured by dyy:.
Confronting with results from conventional methods, as presented in tables 1.1 and 1.2,
and figures 1.6, 1.7, 1.8, 1.9, 1.10 and 1.11, we observe clear improvements: the almost

meaningless results yielded by conventional methods for the 'chess’ image are transformed in
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(a) ‘chess’ segmentation image.
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(c) ‘billiards’ segmentation image.
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(e) ‘teacup’ segmentation image.
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(g) ‘cones’ segmentation image.

(h) ‘cones’ error image.
Figure 6.5: Results for the watershed with markers algorithm over the test dataset.
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(e) ‘juggler’ segmentation image.
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(g) ‘men’ segmentation image.

(b) ‘walk street’ error image.

(d) ‘walk park’ error image.

(h) ‘men’ error image.

Figure 6.6: Results for the watershed with markers algorithm over the test dataset.
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| [ [| ‘chess’ [ ‘billiars’ | ‘teacup’ | ‘cones’
regions 11 8 6 20

g1 dsym 11.18 27.28 39.93 29.95
Amut 8.97 11.58 18.67 6.76

regions 11 8 6 20
Go dsym 8.25 3.48 37.75 28.39
At 3.80 2.32 16.46 3.43
regions 11 8 6 20

Gs dsym 10.06 28.36 38.11 28.30
At 717 12.59 16.86 4.57

Table 6.1: Results for the watershed with markers method over the test set with perfect
depth information.

l ‘ H ‘walk street’ ‘ ‘walk park’ ‘ ‘juggler’ ‘ ‘men’ ‘

regions 10 7 5 8

Gi dsym 29.05 42.80 45.14 42.36
Amut 9.60 16.26 31.89 19.46
regions 10 7 5 8

Go dsym 14.55 42.36 44.58 42.11
dmut 3.40 20.94 34.61 15.92
regions 10 7 5 8

Gs dsym 15.94 36.57 45.65 40.52
Amut 4.19 3.05 28.64 17.67

Table 6.2: Results for the watershed with markers method over the test set with noisy depth
information.

a high-quality segmentation; the over-segmentations produced by the mean shift algorithm
or the difficulty of the JSEG algorithm to separate the man from its surroundings, in the
'walk street’ and 'walk park’ images, gives rise to an essentially foreground / background
segmentation, with the man correctly isolated from the background. Naturally these results
should not be compared with those from methods inferring the background from an image

sequence, using temporal information.

We also observe that the incorporation of the depth information in the gradient fed to the
watershed algorithm leads to important gains in terms of the quality of the final segmenta-

tion.

6.3 Discussion

This chapter presents a new approach to image segmentation. The main idea is to use depth
information to guide a segmentation using essentially the colour information. This method is
likely to produce simpler segmentations, less over-segmented, and compares favourably with
state-of-the-art methods. The use of active contours in the guided segmentation phase may
further improve the results, with a superior performance when markers extend beyond the
objects. A solution of this kind eliminates the need for a refinement operation between the
marker extraction and the guided image segmentation stages, due to its ability to expand or

contract as appropriate. ]2



Chapter 7

Image segmentation assisted by

depth and motion information

We have tackled the issue of improving the quality of image segmentations with depth
information. This can help overcome problems such as over-segmentation, and the extra
information can increase the robustness and accuracy of the segmentation. However, depth
is not the Graal of the segmentation problem. Consider the case when two objects moving
in opposite directions cross with each other. If their depth is similar, even the methods
presented so far will have problems to divide the two objects. Or, as already observed, it is
still difficult to segment objects from the ground where they stand. This creates the interest

for integrating more information in the segmentation techniques.

In this chapter we will concentrate on extending the methods analysed so far to incorporate
motion information in the segmentation process. As depth, motion is useful as a cue for image
segmentation. Velocity information may be used to link adjacent but visually dissimilar
surfaces or to divide surfaces not easily separable by static criteria alone. Often, ambiguous
object boundaries in a single image frame are easily resolved when dynamic effects are

evaluated based on a sequence of frames.

An image sequence is a series of two-dimensional images that are sequentially ordered in
time. They can be acquired by video or motion picture cameras, or generated by computer
graphics and animation techniques. The analysis of image motion and the processing of
image sequences using motion information is becoming more and more important as video
and television systems are finding an increasing number of applications in the areas of
entertainment (motion pictures, HDTV), robot vision (autonomous navigation), education,

personal communications (videophone), and multimedia.

There is some literature on systems for segmenting from motion. A common class of methods
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for segmentation from motion is based on matching features points, such as corners or
interest points. Since these systems process only a relatively sparse set of feature points,
they are used to detect and track moving objects in a scene, rather than segmenting them
with high resolution. Instead of matching feature points, some systems match small image
blocks. These systems are preferably used in the context of low-bit-rate video coding. This
method again results in a rather crude segmentation with a resolution given by the block-size.
However, the purpose of video coding is in any case compression, rather than segmentation.
Others, focusing on the simultaneous solution of motion estimation and segmentation assume
a fixed number of regions and are still more concerned with motion estimation for compression
[97]. The segmentation method presented here differs from these approaches as it focuses on

the segmentation itself.

Another common class of system for segmenting from motion only try to split the scene
into foreground and background regions. Many of these methods attempt to model on a
per-pixel basis the background features as coming from a Gaussian distribution [98] or, in
more sophisticated models, as a mixture of Gaussians [99] and non-parametric models [100].
When evaluating the current pixel, the recent history of observation is used to estimate the
probability of the pixel belonging to the background. By allowing the background model
statistics to be updated over time, methods gain robustness against slow background varia-
tions, such as illumination changes, addition or removal of objects, etc. By simultaneously
taking advantage of colour and depth information, available in many systems, algorithms are
able to perform reasonably well under more severe conditions [101]. These systems generally
have a fairly long period to adapt and tend to fail catastrophically when confronted with a
variety of real-word phenomena such as camera motion. Moreover, by modelling each pixel

independently, it is difficult to maintain a spatial coherence in the segmentation.

Here we will integrate depth and motion for high quality image segmentation. If it is
true that for synthetic sequences motion values can be computed exactly, that is not the
typical scenario, where motion is estimated from a sequence of images. Then, our approach
should be robust against inaccuracies in the motion information, as it is against in the depth
information. A key observation when addressing the problem of segmenting assisted both
by depth and motion information is that these two cases of distinct information, which are

often treated separately, have in fact much in common (figure 7.1):

e depth information is typically computed from stereo information, with two images
acquired simultaneously.
e motion information is typically computed from sequential information, with two images

acquired sequentially.

Akin to motion techniques, a class of stereo methods is based on the matching of small blocks,

84



7.1. MOTION AND DEPTH ASSISTED IMAGE SEGMENTATION WITH THE MEAN SHIFT ALGORITHM

previous previous
left-image right-image
l—b motion
left image map

I

disparity map

Figure 7.1: Motion and depth estimation for the segmentation of the right image.

figure 7.2. Therefore, techniques integrating depth and motion in the segmentation process
should be symmetric with respect to these two sources. Let us analyse the consequences for

the two major segmentation techniques already extended for depth information.

- ot Disparity
pair of —{ preprocessing F—biock || 92221 or
images T preprocessing — matching validation mnfggn

Figure 7.2: Matching algorithm behaviour for stereo algorithms.

7.1 DMotion and depth assisted image segmentation with the
Mean Shift algorithm

The mean shift algorithm, a nonparametric procedure for the analysis of multimodal data,
performs naturally with multidimensional data; as such, its extension to integrate motion

information is just a matter of adding a proper normalizing constant for motion data, h,,.

Along with its simplicity comes what can be a major drawback: now we may be feeding two
noisy data channels to the algorithm, which may lead to unacceptable results. Previously,
our only source of noise was the depth information, which was handled by taking an extra
refinement step of borders. Now, that same procedure may reveal itself insufficient to recover

from the errors introduced by two noisy data channels.
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7.2 Image segmentation guided by noisy metadata

In the marker based approach, introduced in chapter 6, depth information was used to
automatically estimate the number and localization of objects in the image. This process
was conducted in an image density function, where the pixel value denotes the number of
points in the depth image at pixel position. The higher the value, the higher the probability of
that pixel belonging to an object. That value may be interpreted as a degree of membership
to the foreground. Due to the similarity of depth and motion information, the motion can be
tentatively integrated in the framework in the same way. From the motion vectors create a
density image; then, it is left the problem of using two density images (obtained from depth
and motion) to create markers. One approach is to produce a single density map, integrating
both. Fuzzy logic [102,103] would seem to be the right tool.

Remember that the framework introduced in chapter 6 suggested to perform the segmenta-
tion in a two-step operation, with the first one comprising the use of depth information to
create a depth density image, d(x, z), from the depth-image, Z(z,y), from where markers
were extracted. These, in turn, were used to guide the colour segmentation in the second
step of the proposed framework. Now, in the extended framework with motion, we could
be driven to create a motion density image, d(x,v), from the motion-image, V(x,y), and
combine it with the depth density image using some pre-selected fuzzy operation. Then we
would proceed as before, extracting markers from this combined density image. However,
note that d(z,z) and d(x,v) are defined over different domains. That hinders the direct
merging of both densities. To surmount this problem, the integration of densities could be

performed in the (x,y) plane, by first transporting both densities to this plane:

dpr(z,y) = d(z,2) if Z(x,y) =2

. (7.1)
dpy(z,y) = d(z,v) f V(z,y)=v

Now we could be tempted to perform the selected fuzzy operation on these two density-
images. In spite of the effort this approach will not be fruitful. Consider the image 7.3(a)
and the corresponding depth- and motion-maps in figures 7.3(b) and 7.3(c). Two of the
three cubes are moving in opposite directions; the leftmost cube is at rest. Proceeding as
described in chapter 6, we can compute the density in the XZ plane (figure 7.4(a)) and in
the XV plane (figure 7.5(a)). Transporting the density to the XY plane according to (7.1),
we get figures 7.4(c) and 7.5(c). Note that d.(z,y) attains approximately the same (high)
value in all true cubes, with the two leftmost cubes ‘spatially merged’. Following the same
reasoning, the d,(x,y) density will not distinguish among the cubes. Operating with these
two densities (interpreted as a fuzzy membership on the foreground ’set’) it will not be

possible to disconnect the cubes.

Continuing the quest for a workable solution, it seems that the path leads to working with
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(a) ‘cubes’ colour image. (b) ‘cubes’ depth map. (¢) ‘cubes’ motion map.

Figure 7.3: ‘cubes’ image.

—

—

(a) ‘cubes’ XZ density, d(z, z). (b) ‘cubes’ XZ markers.

@

N

(c) ‘cubes’ XY density, ds.(z,y). (d) ‘cubes’ XY markers.

Figure 7.4: Depth density-images and corresponding markers.

a membership function per object. These could be estimated by taking the density value
inside the object markers (figures 7.4(d) and 7.5(d)) and 0 (or some estimated value) outside.
Then every object membership function in d,.(z,y) would be operated with every object
membership function in dg,(x,y). Finally, results would have to be merged and validated.
Although feasible, this is becoming an awkward and unmanageable solution. Let us restate
our (simplified) goal. Having depth-markers and motion-markers, we want them to cross-
validate each other and to allow depth-markers to sometimes divide motion-markers (for
objects with similar movement at different depths) and the opposite, motion-markers to
divide depth-markers (to divide objects at similar depth but with different movements). It

does not take long to suspect that the already introduced intersection-graph between both
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(a) ‘cubes’ XV density, d(x,v). (b) ‘cubes’ XV markers.

(c) ‘cubes’ XY density, dev(z,y). (d) ‘cubes’ XY markers.

Figure 7.5: Motion density-images and corresponding markers.

maps provide a clean picture of every possible marker intersection, with a valuable insight

into the solution.

Wy m, = 4795 mi

Wy my = 13092

unmarked pixels unmarked pixels

Figure 7.6: Intersection-graph for depth and motion maps.

In figure 7.6 we have represented the intersection-graph for the ‘cubes’ images. Here each
node d; represented the set of pixels belonging to the same marker in the depth map (with

an extra node, ds, to represent the unmarked pixels); each node m; represented the set of
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pixels belonging to the same marker in the motion map (with an extra node, mg, to represent
the unmarked pixels); and the weight of each edge represents the number of pixels in the
intersection of a marker in the depth map with a marker in the motion map. We would like
to come up with a sensible procedure yielding three markers in this example, represented

thicker in figure 7.6, translating into the markers shown in figure 7.7(a).

9 ’

(a) Ideal merged markers. (b) Real merged markers.

Figure 7.7: Merging result for the ‘cubes’ image.

The problem now is to define a procedure of choosing which intersection will give rise to a

new independent marker, and which will be aggregated under the unmarked pixels.

The unsuccessful search for a convenient global measure — such as the partition-distances
already introduced or the maximum spanning tree — as a possibly interesting formalization
of the marker fusion process, led us to adopt a local measure: we opt for associating a new
marker to an intersection if the intersection weight is a substantial part of any of the two

incident nodes (markers). Mathematically

) Wd; m; Wd; m; > € mark intersection d;, m;
if max

)
D0 Wdgm; g Wazmy < e unmark intersection d;, m;

Stated equivalently

— (Zz Wy m; — Wdgm; D Wdgm; — wdi’mj> < (1 — €) mark intersection d;, m;
>

9y
>0 Wgm; 0 Wy (1 — €) unmark intersection d;, m;

Comparing the above measure with the Berkeley measures for comparing segmentations

presented in chapter 2, and their mapping in the intersection-graph presented in (2.1), we

TIf the edge is connecting a node corresponding to a marker with a node corresponding to unmarked pixels,
the test should be made only with the node corresponding to the marker. If an edge is connecting two nodes
corresponding to unmarked pixels, it is always unmarked.
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conclude that both are based on the same local refinement error.

Adopting this procedure, the fused marker would yield (¢ = 0.4) as represented in figure
7.7(b). Note that three markers were indeed created. However, the noise present in the
depth markers was not completely removed. In fact, because this noise is jointed in edge
W4, ms With pixels corresponding to the leftmost cube, it impossible to recover from it with
this framework (without loosing the marker of the leftmost cube). Even adopting a generic
approach based on fuzzy logic, it would have been difficult to eliminate this noise, as the

density values at the leftmost cube and at the noisy pixels is essentially the same.

We propose then to extend the technique presented in chapter 6 in the following way:

e create the X7 density image, operate on it to extract depth marker and transport them

to the XY plane, as in the basic proposal.

e repeat the above procedure, now using the motion information, resulting in a motion

marker image in the XY plane.

e merge both XY marker-maps using the local refinement error to prune markers in

non-concordant pixels.

e apply the colour image segmentation guided by the fused markers.

Although we have implicitly assumed throughout this discussion that the motion information
is in the scalar form, yielding a scalar motion map, that is not typically the case, with motion
information available in the X and Y directions or in any other equivalent form such as
(intensity, angle). In this case we would have two density images, from which two motion
marker-images could be created and merged with the depth marker-image. Observing that,
although the local refinement error is commutative it is not associative, the above-defined
procedure would have to be conveniently extended to handle three or more marker-images.
A possibility would be to generalize the local refinement itself to three or more images,
similarly to [35]. Because in this work we will restrict to one motion marker-image, this

generalization will not be further considered here.
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7.3 Results with synthetic material

We have set up experiments using synthetic images to evaluate the methods proposed here.
For our purposes we created a synthetic image sequence that has three target cubes in the
center surrounded by a background, see figure 7.8. The sequence was rendered with Maya
7; the depth maps were generated using Maya’s renderer; the motion maps were manually

generated.

(a) Colour image. (b) Depth map. (¢) Motion map.

Figure 7.8: Frame 6 of ‘cubes’ sequence.

Following the procedure already formulated in chapter 6, depth markers in the X7 plane and

motion markers in the XV plane were generated, as depicted in figure 7.9.

N

(a) Depth markers in the XZ (b) Motion markers in the XV
plane. plane.

Figure 7.9: Extracted markers for frame 6 of ‘cubes’ sequence.

Then, markers were transported to the XY plane and merged following the method adopted
in the previous section, creating three different marker images (fig:newcubesXYmarkers).
Finally, the comparisons were done using three versions of the guided watershed segmen-
tation: starting from depth markers we obtain segmentation 7.11(a), starting from motion
markers it is attained the segmentation 7.11(b); from the merged markers results the seg-
mentation 7.11(c). To be noticed is that the quality of the segmentation is clearly improved
when we integrate motion information. When both depth and motion information is used
to extract markers we are able to correctly divide the three cubes (although with a extra

spurious region as side effect).

Finally, the same sustained improvement was detected with the mean shift based algorithms,
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(a) XY markers for depth infor- (b) XY markers for motion infor- (¢) XY markers by merging depth
mation. mation. and motion markers.

Figure 7.10: Extracted markers in the XY plane, for frame 6 of ‘cubes’ sequence.

Tﬂ,ﬂ:ﬂ”‘j/ Vr Rl 7 \j:f&\g“\/;

-,
)
<

N | - \ .
k\//J &/ y/t\ﬁé

(a) Guided by depth mark- (b) Guided by motion mark- (¢) Guided by depth and
ers. ers. motion markers.

Figure 7.11: Watershed image segmentation guided by the estracted markers.

from the original algorithm based only on colour (figure 7.12(a)), to the modified versions,
integrating depth (figure 7.12(b)), motion (figure 7.12(c)), and both (figure 7.12(d)).

(a) Using colour informa- (b) Using colour and depth
tion only. information.

(¢) Using colour and motion (d) Using colour, depth and
information. motion information.

Figure 7.12: Segmentation of frame 6 of the ‘cubes’ sequence by mean shift based algorithms.
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7.4 Results with real-life material

This section provides experimental results obtained on two stereo sequences acquired with
a monochrome MEGA-D digital stereo head (by Videre Design) equipped with a pair of 4.8

mm lenses. Tmage size is 640 x 480.

7.4.1 The ‘Outdoor’ sequence

Two temporally consecutive stereo pairs of the sequence is shown in figure 7.13.

(a) Left frame 218. (b) Right frame 218.

(c) Left frame 219. (d) Right frame 219.

Figure 7.13: ‘Outdoor’ stereo sequence.

The depth information, in the form of a disparity map, obtained with the Single Matching
Phase (SMP) stereo algorithm [104], is also freely available at http://labvisione.deis.
unibo.it/~smattoccia/stereo.htm, from where it was downloaded. It is depicted in image
7.14(a) for frame 219.

The motion information was computed with a basic block matching algorithm, as imple-
mented in the OpenCV software, with a block size of 16 x 16 and a search region of 65 x 65.
The obtained motion information in the X-direction is depicted in figure 7.14(b).

#The sequences were downloaded from http://labvisione.deis.unibo.it/~smattoccia/stereo.htm.
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(a) Right frame 219 depth image. (b) Right frame 219 motion image.

Figure 7.14: Computed depth and motion images for right frame 219 of ‘Outdoor’ sequence.

Note that the depth map is smaller than the original image (due to the stereo depth
algorithm). Depth and motion markers were extracted (figures 7.15(a) and 7.15(b)) and
transported into the XY plane, figures 7.15(c) and 7.15(d). We considered only the X
component of the motion vectors. Observe that, unlike the motion information, the depth

information was unable to create distinct markers for the two persons.

Pt =_=a=. S
Hagt o tvae-T
(a) XZ markers. tp =9 =3 op = (b) XV markers. ¢, = 46 ¢ =
2 0,=1 ¢, =0 ¢, =3; 2 objects 3 ohn=2 0,=0 ¢, =0 ¢, =2;3
detected. objects detected.

(¢) XY markers for depth data, super-
imposed on the ground truth segmen-
tation.

(d) XY markers for motion data, super-
imposed on the ground truth segmenta-
tion.

Figure 7.15: Extracted markers for right frame 219 of ‘Outdoor’ sequence.

Finally, we proceeded with the guided image segmentation step, experimenting three different

possibilities for the initial markers:

merging of depth- and motion-markers.

depth-markers only, motion-markers only, and the

Depth and motion markers were merged with
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l H D [ M [ DM H mean shift | mean shift D | mean shift M | mean shift DM
regions 2 3 5 14 38 22 38
dsym 15.84 | 12.11 | 17.54 30.16 68.02 21.14 73.72
dmut 9.64 7.02 6.65 13.75 9.00 6.50 3.75

Table 7.1: Results for frame 219 of the ‘Outdoor’ sequence. D — depth assisted; M — motion
assisted; DM — depth and motion assisted.

€ = 0.4. Due to the high level of noise present in the depth and motion information, only
the colour information was used to compute the gradient fed to the watershed algorithm.
Results are depicted in figure 7.16 and summarized in table 7.1. It is clear the advantage of
integrating motion information in the marker extraction process. As also noted previously
in the synthetic example, here too the integration of motion information leads to a decent
division of the two men present in the image. It is important to stress that this was achieved

with very low quality depth and motion information.

\

(a) Ground truth segmentation. (b) Watershed  segmentation
guided by depth markers alone.

rgth

(c) Watershed  segmentation (d) Watershed  segmentation
guided by motion markers alone. guided by depth and motion
markers together.

Figure 7.16: Results for frame 219 of the ‘Outdoor’ sequence.

The standard mean-shift segmentation algorithm, as well as the enhanced modifications
proposed in this work, was also applied to the ‘Outdoor’ sequence. The attained results are
shown in figure 7.17 and in table 7.1. Here we observe that the strong presence of noise
in the auxiliary information is having unacceptable consequences in the result, with the

algorithm unable to recover from such noise. The frame around the segmentation using depth
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7
P ]

3l

bl

” g

~~

(a) Original mean shift algorithm (b) Modified mean shift algorithm us-
using colour information only. ing colour and depth information.

(¢) Modified mean shift algorithm (d) Modified mean shift algo-
using colour and motion informa- rithm using colour, depth and
tion. motion information.

Figure 7.17: Results for frame 219 of the ‘Outdoor’ sequence with mean-shift based methods.

information is due to the smaller size of the disparity map, a result of the stereo algorithm
used to compute the depth data. (Note that the previous marker guided segmentation was
not handicapped by this condition.) The block effect in the motion information is also quite
visible in the segmentation. The holes in these markers are also leading to a local over-
segmentation of the segmentation. We conclude that this approach can not tolerate such

severe degradation in the quality of the auxiliary metadata.
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7.4.2 The ‘Indoor’ sequence

Because the comparative study for the ‘Indoor’ sequence followed the same reasoning as for
the ‘Outdoor’ sequence, we restrict to present here the attained results in figures 7.18, 7.19,
7.20, 7.21 and 7.22, and table 7.2, together with some points to be noticed.

) Left frame 112. b) Right frame 112.

) Left frame 113. d) Right frame 113.

Figure 7.18: ‘Indoor’ stereo sequence.

(a) Right frame 113 depth image. (b) Right frame 113 motion image.

Figure 7.19: Computed depth and motion images for right frame 113 of ‘Indoor’ sequence.

This experiment shows the strengths of the system presented here. The combination of
motion and depth information in the marker extraction step leads to a more reliable and

consistent segmentation — observe the incapability of separating the men from each other
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and from the background when using only depth to guide the watershed algorithm. Motion
information improves segmentation results, without assuming motion continuity. In this

aspect, the system is general and performs well.

G e

(a) XZ markers. t, = 20 ¢ =
3 oh=2 0,=1 ¢, =0 ¢, =252
objects detected.

(¢) XY markers for depth data, super-
imposed on the ground truth segmen-
tation.

A T
(b) XV markers. ¢, = 45 t; =
3 on=2 0,=0 ¢, =0 ¢ =8§;5
objects detected.

(d) XY markers for motion data, super-
imposed on the ground truth segmenta-
tion.

Figure 7.20: Extracted markers for left frame 113 of ‘Indoor’ sequence.

‘ H D ‘ M ‘ DM H mean shift C ‘ mean shift CD ‘ mean shift CM ‘ mean shift CDM ‘
regions 4 5 8 13 38 30 44
dsym 54.52 | 18.25 | 28.26 32.17 67.24 53.49 70.67
dmut 18.95 | 8.67 5.62 15.96 17.99 14.4 14.78

Table 7.2: Results for frame 113 of the ‘Indoor’ sequence. D — depth assisted; M — motion
assisted; DM — depth and motion assisted.

7.4.3 Image sequence processing

We completed our study by segmenting a set of 12 consecutive frames of the ‘Indoor’
sequence, from frame 102 to frame 113, image 7.23. All parameters of the different algorithms

were kept constant for the whole set. Results are summarized in tables 7.3 and 7.4.

It is visible that the marker based algorithms produce less over-segmented results (smaller
number of regions and inferior values of dgy,,), while maintaining the consistency of the

segmentation (d,, value).
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(a) Ground truth segmenta-
tion.
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(c) Watershed segmentation
guided by motion markers
alone.
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(b) Watershed
segmentation guided
by depth markers alone.
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(d) Watershed
segmentation guided
by depth and motion
markers together.

Figure 7.21: Results for frame 113 of the ‘Indoor’ sequence.

&5

(a) Original mean shift algo-
rithm using colour informa-
tion only.

(¢) Modified mean shift al-
gorithm using colour and
motion information.

(b) Modified mean shift al-
gorithm wusing colour and
depth information.

(d) Modified mean shift al-
gorithm using colour, depth
and motion information.

Figure 7.22: Results for frame 113 of the ‘Indoor’ sequence with mean-shift based methods.
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(a) Frame 102. (b) Frame 103. (¢) Frame 104.

(d) Frame 105. (e) Frame 106. (f) Frame 107.

(g) Frame 108. (h) Frame 109. (i) Frame 110.

(j) Frame 111. (k) Frame 112. (1) Frame 113.

Figure 7.23: Twelve frames from the ‘Indoor’ sequence.
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Frame marker D marker M marker MD
regions [ dsym [ dmut | regions [ dsym [ dmut | regions [ dsym [ drmut
102 4 44.09 | 15.17 5 18.38 | 13.55 8 52.36 | 18.27
103 5 41.07 | 20.64 5 25.81 | 15.73 8 37.48 | 15.08
104 4 44.16 | 13.91 3 16.24 | 7.85 6 50.6 | 14.57
105 4 45.76 | 12.76 3 23.84 | 13.63 7 48.73 | 12.89
106 3 47.11 | 9.76 4 17.7 | 12.24 6 39.38 | 11.88
107 3 42.57 | 10.95 4 21.47 | 11.51 6 32.88 | 11.22
108 3 53.5 | 20.98 4 16.09 | 13.62 6 53.73 | 17.46
109 3 52.21 | 24.58 6 22.19 | 15.68 7 35.32 16
110 4 48.95 | 31.21 5 20.35 | 19.61 7 49.31 | 22.61
111 3 39.42 | 28.23 5 20.02 | 19.4 7 42.52 | 25.01
112 4 43.07 | 32.18 5 19.18 | 17.74 7 47.28 | 21.71
mean 3.67 46.37 | 19.94 4.5 19.96 | 14.10 6.9 44.51 | 16.97

Table 7.3: Results for frames 102-113 of the ‘Indoor’ sequence, for marker based methods.
D — depth assisted; M — motion assisted; DM — depth and motion assisted.

Frame mean shift mean shift D mean shift M mean shift DM
regions [ dsym [ dmut | Tegions [ dsym [ dmut | TEgions [ dsym [ dmut | TEgions [ dsym [ At
102 9 30.59 | 13.4 23 58.51 | 19.1 22 35.08 | 16.07 33 69.86 | 18.76
103 10 27.73 9.96 24 65.79 | 15.15 22 53.93 | 14.18 37 70.73 | 14.43
104 9 26.48 | 9.25 22 66.52 | 12.67 19 38.09 | 12.77 31 70.73 | 11.77
105 10 29.95 | 15.62 25 70.92 | 18.28 23 45.18 | 13.58 33 71.54 | 10.46
106 11 33.81 | 16.95 23 69.25 | 10.16 20 33.84 | 9.19 34 66.48 | 9.84
107 10 34.5 | 14.91 27 64.85 | 7.97 21 47.43 | 10.08 33 68.46 | 9.49
108 12 35.57 | 17.68 29 61.85 | 12.88 24 44.37 | 10.74 38 64.71 8.8
109 11 40.08 | 21.83 26 55.1 | 14.13 28 50.33 | 13.42 36 69.25 | 17.77
110 16 49.93 | 13.59 32 62.35 | 12.09 24 57.92 | 15.06 42 69.01 | 15.42
111 13 42.59 | 20.44 38 59.03 | 10.33 36 61.82 | 13.05 41 68.23 15.3
112 18 50.95 | 17.96 40 62.79 | 10.66 33 60.91 | 13.37 47 71.95 | 16.53
113 13 32.17 | 15.96 38 67.24 | 27.99 30 53.49 | 144 44 70.67 | 14.78
mean 11.83 36.20 | 15.63 28.92 63.68 | 14.28 25.12 48.53 | 12.99 37.42 69.30 | 13.61

Table 7.4: Results for frames 102-113 of the ‘Indoor’ sequence, for mean-shift based methods.
D — depth assisted; M — motion assisted; DM — depth and motion assisted.
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7.5 Discussion

The system presented here differs significantly from the established techniques for segmen-
tation from motion and depth. However, most of the components used in this system are
techniques known in the literature. One strength of this system is that it performs satisfac-
torily under severe conditions of noisy in the auxiliary metadata. This was demonstrated by
using the output of a simple block motion estimation as the source of motion data, with its
block effect (the block size was 16 x 16) and spatial instability. The flexibility of this system
to integrate additional metadata should also not be underestimated. An additional strength

is its simplicity, making it suitable for real-time applications.

The type of segmentation performed by the proposed system should be distinguished from
those obtained with systems using a sequence of frame with memory instead of a simple pair
of consecutive frames. Because no motion continuity is assumed, this system is more general
and copes transparently with camera motion, video shot transitions or illumination changes;
on the other hand, it expectedly performs worst when motion continuity is verified. The
proposed segmentation technique could in fact be used as a building block of a complete

tracking system or memory-based segmentation system.
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Chapter 8

Conclusion

This thesis focuses on the study of image segmentation techniques assisted by metadata. In
particular, it was studied the use of depth and motion information to assist the segmentation
process. Several novel approaches to fuse colour and depth information for image segmen-
tation were gauged. A first idea of allowing the use of standard segmentation methods by
creating a new image containing information from all sources of data was discarded due to the
lack of improvement, comparatively to the use of colour alone. This approach was assessed
with two different fusion approaches, obtaining the fused image as a weighted sum of the
input images or performing the fusion process with the coefficients of a multiscale transform.
Next, we conducted the study by joint-modelling colour and depth information. Adapting
a well-established algorithm, we were able to improve the quality of the segmentations.
However, this technique also revealed some insufficiencies with images obtained in real-
settings, where the depth information is typically noisier than colour information. That led

us to further extend this technique with a border refinement step, with positive results.

A last scheme to assist a colour image segmentation with depth information was proposed as
a two-step operation: the depth information is initially used to produce object markers, pro-
viding a crude identification of the objects in the image; next, a guided image segmentation,
starting from the markers, is conducted to refine the regions. This framework constitutes
a powerful tool to incorporate information with low reliability in the segmentation process,
without being distracted with the noise present in the data. A restrictive assumption of
this approach is that objects of interest have large vertical sections. These are necessary to

create high-density areas in the density-image.
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The study proceeded with the extension of the most promising fusion techniques to incor-
porate motion information. Using synthetic images we validated the proposed tools in a
more generic setting, making simultaneous use of colour, depth and motion data. Then
the segmentation techniques were gauged under more difficult conditions. Using real image
sequences, depth information was obtained using a stereo algorithm (because the adopted
stereo algorithm was suitable for real-time applications, the outputted depth data was rather
noisy) and motion with a basic block motion estimation. Under these stressful conditions,
the technique based on the mean-shift algorithm started to break, yielding unpleasant
segmentations with visible artifacts. On the other hand, the marker based segmentation

continued to perform adequately.

Because a fair judgment of any new image segmentation algorithm needs a fair comparison
metric, a preliminary study on metrics for comparing image segmentations was conducted in
first place. The disappointment with the existing measures led to an exhaustive investigation
on new solutions, culminating on the rediscover of the partition-distance measures, introduc-
ing them on the image engineering community for the first time. In the numerous reported
experiments, it is provided experimental evidence of the adequacy of these measures. It is also
worth to stress that, besides providing a value for the overall quality of the segmentation,
these measures also offer, for the first time, an image error mask identifying the spatial
localization of the errors, a key feature for some applications. It is expected that the
partition-distances introduced in this work will become routinely used by most researchers
as an indicator of the quality of a segmentation algorithm performance, as they provide a

major leap to previous work.

Benefits of the research will accrue from applying the results to coding techniques based
on object segmentation, exploiting the availability of additional depth information, beyond
the current state of the art. Improved picture quality, affordable 3D content creation
and delivery through MPEG-4 SNHC (Synthetic and Natural Hybrid Coding), increased
capability to bring more content to the consumer, more artistic freedom and lower costs are

the expectations for the enhanced operations with synchronous colour and depth data.
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Future work

The studies of this thesis, although with some conclusive results, constitute the starting
point for a possible larger project, with focus on multidimensional image modelling and
processing, continuing to investigate new ways to fuse data for better image segmentation,
making easier important subsequent operations. A first line of evolution concerns naturally
the continuity of the research carried out here, improving the performance of the proposed
procedures (active contours seem the next natural choice for the guided image segmentation
phase after the marker extraction, as it should be robust against markers extending beyond

objects’ borders) or studying the suitability of other image segmentation frameworks.

Some of the most recent image segmentations techniques approach the problem as a graph
partitioning problem, using spectral methods to efficiently attain the solution [25]. Among
the most promising techniques we can also find those based on parametric bayesian formu-
lations, imposing spatial coherence by a Markov random field prior or, more recently, with
a multinominal logistic regression model that expands the number of possible priors [105].

Dirichlet process mixture (DPM) models have been studied in nonparametric bayesian
statistics for more than two decades. Originally introduced by [106] and [107], interest in
these models have been applied in statistics to problems such as regression, density, density
estimation, contingency tables or survival analysis. More recently, they have been introduced
in machine learning and language processing [108]. A first study, yet unsophisticated, on
the application of the model DPM to the image segmentation problem, appears in [109].
This approach enables to integrate naturally the evaluation of the number of regions of the
image. The best strategy to impose the spatial coherence in the segmentation process still
needs to be investigated. Simultaneously, the adoption of a structured representation for the
output domain, the segmentation, should boost further the quality of the algorithms. These
techniques could all be investigated, as well as their generalization for hybrid images, with

information of colour and depth.

A second line of investigation concerns with the application of the partition-distance measures
in specific scenarios. In the problem of classifying regions in remotely sensed images, if the
weight the edge of the graph if not the intersection of two regions but the intersection scaled
by the cost of classifying region A as region B, then we obtain a more sensible measure.
An open question here is also the complexity of the mutual partition-distance. Although
the partition-distance can be efficiently computed as traditional assignment problem, no
such efficient algorithm was found for the mutual partition-distance. The computational

complexity of this measure is still an open question.
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