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Résumé

Recalage et Mosaïques d’Images pour la Microscopie
Confocale Fibrée Dynamique In Vivo
La microscopie confocale classique permet d’obtenir des images à haute résolution de cellules en culture ou dans un tissu biologique excisé. Cette technologie
peut être adaptée aux applications in vivo grâce à l’utilisation de ﬁbres optiques et
d’optiques miniaturisées. A terme, la microscopie confocale ﬁbrée devrait permettre
aux médecins et biologistes de réaliser des biopsies optiques; c’est à dire un examen histologique, en temps réel, des tissus biologiques à l’intérieur d’un organisme
vivant et directement au contact de la zone d’intérêt.
Le but premier de cette thèse est de dépasser les limites matérielles de ces instruments d’imagerie en développant des outils de recalage d’images spéciﬁques et
innovants. En particulier, le propos de ce manuscrit est cadré par l’objectif de proposer, au travers d’outils de création de mosaïques d’images, des biopsies optiques
à grand champ aux médecins. Cette application est considérée, dans cette thèse,
comme un système, ou un circuit, qui prendrait en entrée un ﬂot de données brutes
et délivrerait en sortie des mosaïques d’images à grand champ. Nous détaillons les
éléments critiques de ce système, en particulier la reconstruction d’images en temps
réel, le recalage linéaire d’images et le recalage non linéaire, avant de présenter la
structure du système complet.
Les données brutes produites par la microscopie confocale ﬁbrée sont diﬃciles à
interpréter parce qu’elle sont modulées par la structure en nid d’abeille du réseau
de ﬁbres optiques et parce qu’elle sont entachées d’artefacts géométriques. Dans
ce contexte, nous montrons qu’une reconstruction en temps réel des images peut
être utilisée en pré-traitement aﬁn de produire des séquences vidéos directement
interprétables. Comme la microscopie confocale ﬁbrée est une imagerie qui se
fait au contact des tissus, le mouvement relatif du tissu par rapport à la sonde
optique implique qu’il est parfois diﬃcile d’obtenir de manière robuste certaines
mesures quantitatives d’intérêt. Nous avons donc attaqué le problème du recalage
linéaire, eﬃcace et robuste de paires d’images. Nous montrons que des outils récents provenant du domaine du contrôle robotique par la vision peuvent surpasser
les solutions standards utilisées en analyse d’images biomédicales. L’adéquation de
ces outils au problème du recalage linéaire d’images nous a amenés à revisiter le
problème du recalage non-linéaire. En interprétant le recalage non-linéaire comme
un problème d’optimisation sur un groupe de Lie, nous développons un algorithme
rapide de recalage diﬀéomorphe non-paramétrique d’images. En plus d’être difféomorphe, notre algorithme produit des résultats qui sont similaires à ceux de
i
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l’algorithme des démons de Thirion mais qui sont plus lisses et plus proche de la
vérité.
Finalement, nous obtenons une boîte à outils de reconstruction et de recalage
d’images que nous utilisons pour proposer un algorithme robuste de création de
mosaïques d’images qui permette de calculer un alignement globalement cohérent
à partir de résultats locaux, de compenser les distorsions liées au mouvement et de
retrouver les déformations non-rigides. Par ailleurs, notre algorithme de mosaïques
d’images a récemment été incorporé dans un essai clinique multicentrique. Cet essai
illustre l’intérêt clinique de nos outils dans le cadre spéciﬁque de la surveillance de
l’oesophage de Barrett.

Abstract

Classical confocal microscopy can be used to obtain high-resolution images of cells in
tissue samples or cell cultures. Translation of this technology for in vivo applications
can be achieved by using optical ﬁbers and miniature optics. Ultimately, ﬁbered
confocal microscopy should enable clinicians and biologists to perform what can be
referred to as an optical biopsy: a real-time histological examination of biological
tissues in the living organism directly onto the region of interest.
The main goal of this thesis is to move beyond current hardware limitations of
these imaging devices by developing speciﬁc innovative image registration schemes.
In particular, this manuscript is framed by the goal of providing, through video
sequence mosaicing tools, wide ﬁeld-of-view optical biopsies to the clinicians. This
targeted application is seen as a pipeline that takes raw data as input and provides
wide ﬁeld-of-view image mosaics as output. We detail the critical building blocks of
this pipeline, namely real-time image reconstruction, linear image registration and
non-rigid registration, before presenting our mosaicing framework.
The raw data that ﬁbered confocal microscopy produces is diﬃcult to use as
it is modulated by a ﬁber optics bundle pattern and distorted by geometric artifacts. In this context, we show that real-time image reconstruction can be used
as a preprocessing step to get readily interpretable video sequences. Since ﬁbered
confocal microscopy is a contact imaging modality, the combined movement of the
imaged tissues and the ﬂexible optical microprobe makes it sometimes diﬃcult to
get robust and accurate measurements of parameters of interest. To address this
problem, we investigated eﬃcient and robust registration of pairs of images. We
show that registration tools recently developed in the ﬁeld of vision-based robot
control can outperform classical image registration solutions used in biomedical image analysis. The adequacy of these tools for linear image registration led us to
revisit non-rigid registration. By casting the non-rigid registration problem as an
optimization problem on a Lie group, we develop a fast non-parametric diﬀeomorphic image registration scheme. In addition to being diﬀeomorphic, our algorithm
provides results that are similar to the ones from Thirion’s demons algorithm but
with transformations that are smoother and closer to the true ones.
Finally, we use these image reconstruction and registration building blocks to
propose a robust mosaicing algorithm that is able to recover a globally consistent
alignment of the input frames, to compensate for the motion distortions and to
capture the non-rigid deformations. Moreover, our mosaicing algorithm has recently been incorporated within a multicenter clinical trial. This trial illustrates
the clinical value of our tools in the particular application of Barrett’s esophagus
surveillance.
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Foreword This thesis stems from a CIFRE agreement1 with Asclepios research
group at INRIA Sophia Antipolis, http://www-sop.inria.fr/asclepios, and
the company Mauna Kea Technologies, Paris, http://www.maunakeatech.com,
which is specialized in the development of dynamic in vivo cellular imaging systems
for biomedical applications.

In the later half of the twentieth century, imaging technologies like CT scanners
and MRIs changed the way doctors treated patients and biologists envisioned their
experiments, by oﬀering them extraordinary new tools to look inside the living
human or animal body. Unfortunately, the deﬁnition of these new imaging tools
is limited to providing macroscopic, i.e., relatively large, views of organs and other
body parts. This limitation of biomedical imaging has been partly alleviated by
relying on more basic tools, like traditional microscopes, to analyze tissue at the
cellular level.
For instance, many medical conditions, including cancer, must be diagnosed
by removing a sample of tissue from the patient and sending it to a pathologist
for examination under a microscope. This procedure is called a biopsy. Being
an invasive procedure, it is not always possible for the clinician to take a biopsy
sample in every suspicious area. The capacity of traditional biopsy for early cancer
detection is therefore limited. More than a hundred million biopsies are performed
each year. Each of them require a few days before the pathologist diagnosis gets
reported back to the patient. Biopsies are thus also associated with a signiﬁcant
cost. Therefore, although over the past ten years, the progress in biomedical imaging
has been almost unbelievable, a simple need remained unanswered. How can we
image inside the living organism, without damaging it, at the microscopic level, as
life happens?
1

CIFRE (Convention Industrielle de Formation par la Recherche / Industrial Agreement for
Training via Research) agreements aim at fostering innovative processes and technology transfer
between public research organizations and industry by supporting a young researcher based in
industry, to complete the PhD. They are administered by ANRT (Association Nationale de la
Recherche Technique / National Association for Technical Research), http://www.anrt.asso.fr.
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Recent technological developments have allowed for minimally invasive imaging
systems to perform what can be referred to as optical biopsy. Optical biopsy is a
histological examination of biological tissues in vivo and in situ, that is, directly in
the living organism and in contact with the tissue of interest. Optical biopsy does
not suﬀer from the same limitations as traditional biopsy. It could thus potentially
improve early cancer detection.
Cellvizio® developed by Mauna Kea Technologies, Paris, is one such optical
biopsy tool that has proved its unique capabilities to image cellular architecture in
vivo. Cellvizio basically relies on putting a microscope objective at the end of an
ultra-thin, three-meter-long ﬂexible ﬁber optics microprobe. Technically it is based
on the principle of confocal microscopy. Cellvizio can therefore be referred to as a
fibered confocal microscope.
The main goal of this thesis is to move beyond current hardware limitations of
ﬁbered confocal microscopy (FCM) by developing speciﬁc innovative image registration2 schemes. In particular, we provide wide ﬁeld-of-view (FOV) optical biopsies
to the clinicians through fully automatic stitching of images within large mosaics.

1.1

At Stake: Observing Life at Cellular Level. . . Better

There are many hurdles to overcome to get a genuine optical biopsy system. The
raw data that Cellvizio produces is for example diﬃcult to interpret for a common physician or biologist as it is modulated by a ﬁber optic bundle pattern and
distorted by geometric artifacts. The very ﬁrst objective of image processing in
this context should therefore be to reconstruct, in real time, an easily interpretable
smooth-motion video sequence. We show that a strong knowledge of the physics
of acquisition can lead to the development of such speciﬁc image processing algorithms. By combining the hardware with image processing software, the complete
Cellvizio system therefore already meets many of the requirements of a genuine
optical biopsy system.
Such an imaging device supports a general trend of biomedical imaging. Thanks
to technological progress, more detailed and more targeted sets of biologically relevant data can now be acquired. This data provides new evidence to build more
personalized methods of diagnosis and decision-making. If the available data gets
more accurate and more relevant, it also becomes more and more complex. The
classical way of making use of it, mostly based on human interpretation, becomes
therefore less and less feasible. Facing the need of a more quantitative and automated path, typical users will greatly beneﬁt from advanced image analysis tools
capable of extracting the pertinent information.
This thesis focuses on one particular class of such automated image analysis
tools, namely image registration and mosaicing tools. The high resolution images
provided by Cellvizio are mostly acquired on living organs with a hand-held optical
microprobe. This implies that both natural movements of the imaged tissues and
2

Image registration is the process of finding how to best align given views of an object.
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gestures of the physician or biologist inﬂuence the acquired data. Image alignment
or registration can help us automatically recover the motion of the imaged objects.
It is thus an essential building block of many advanced image analysis problems.
Some of the recent advances made in macroscopic medical image registration could
be directly applied to microscopic biomedical image analysis. However, the speciﬁcity of our imaging modality often requires the development of specialized new
image processing techniques. Furthermore, it should be noted that despite remarkable eﬀorts and advances during the past twenty years, the central problem of image
registration has not been solved in the general case. It is indeed often an ill-posed
problem. Our research eﬀorts have thus been aimed towards the design of suitable
solutions for the registration of Cellvizio images.
The ﬁrst important application of image registration for ﬁbered confocal microscopy presented in this manuscript is given by region-of-interest tracking. In
many ﬁelds such as gene expression monitoring, drug biodistribution or pharmacokinetics, it is important to quantify biological processes. However, because of the
natural movement of the imaged tissue, it is often very diﬃcult to get robust and
accurate measurements of the parameters of interest. By focusing on a speciﬁc part
of the acquired sequence, region-of-interest tracking can help stabilize the images
which eases the measurements of the required parameters. When the optical microprobe can be repositioned at a speciﬁc location, image registration is also necessary
to track the evolution of a pathology and compare series of images taken at distant
time instants.
As interesting as dynamic sequences may be during the time of the medical
procedure or biological experiment, there is a need for the expert to get an eﬃcient
and complete representation of the entire imaged region. Since ﬁbered confocal microscopy is a contact imaging modality, there is also an inevitable hardware trade-oﬀ
between resolution, ﬁeld-of-view and invasiveness. In this thesis, we show that video
mosaicing techniques can help us move beyond this trade-oﬀ by providing a complete wide ﬁeld-of-view image without modifying the hardware. Video mosaicing
techniques also oﬀer a way to bridge the gap between scales. Fusing the information provided by diﬀerent imaging modalities that have diﬀerent imaging scales is
one of the most challenging tasks in the ﬁeld of biomedical image analysis. It is
also one of the most promising ways of increasing our knowledge about biological
processes. If registration between two macroscopic imaging modalities is already
an ambitious project, it is nonetheless clear that in order to fuse information across
scales, we need a way to extract macroscopic information from the microscopic video
sequences. This problem is at the heart of the mosaicing methods we developed.
It is the objective of this thesis to present some of the speciﬁcities involved in the
registration of Cellvizio images, to develop some advances in the ﬁeld of biomedical
image registration and to show how our cutting-edge image alignment tools can be
used for the automatic construction of very large mosaics from video sequences.
But, simply stating that the tools we propose can help the clinician or biologist go
forward is clearly not convincing without further proof. A great deal of eﬀort has
thus been put both into a quantitative validation of our schemes and into a real-life

4
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evaluation of our work. We have incorporated our mosaicing algorithm within a
multicenter clinical trial to assess the clinical value of our tools on the particular
application of Barrett’s esophagus diagnosis. First qualitative results suggest that
mosaicing decreases the time required to make a conﬁdent diagnosis. It could thus
be a cost-eﬃcient alternative representation.

1.2

Contributions and Manuscript Organization

This manuscript is framed by the goal of providing, through video sequences mosaicing tools, wide ﬁeld-of-view optical biopsies to the clinicians. This targeted
application is seen as a pipeline that takes some raw data as input and provides
wide FOV image mosaics as output. Our contributions are detailed in ﬁve chapters
with a bottom-up approach. We start in Chapters 2, 3 and 4 by describing some
of the building blocks of the pipeline. We assemble these blocks within an image
mosaicing algorithm in Chapter 5 and describe the full mosaicing pipeline with its
application in Chapter 6. More speciﬁcally, each chapter is organized as follows.
In Chapter 2 we provide a rather detailed description of ﬁbered confocal microscopy and the physics of acquisition involved. The picture we draw of Cellvizio
is built on top of the ones we previously published in [Ayache 06, Vercauteren 08a,
Vercauteren 07e]. The raw data from Cellvizio is considered as the input to our targeted “wide FOV optical biopsy through mosaicing” application. A ﬁrst building
block towards this goal is given by the real-time image reconstruction that allows
the user to get readily interpretable video sequences. We show that with such a
real-time image reconstruction scheme, FCM provides a good match for a dynamic
optical biopsy system. The analysis we draw in this chapter will, however, also help
us understand and point out the main limitations of the current approach. The
work presented in this thesis has been driven by the aim of moving beyond these
restrictions by making use of image registration and video sequence mosaicing tools.
In addition to the insight into ﬁbered confocal microscopy, our main contribution
in this chapter resides in an extensive analysis of many diﬀerent real-time image
reconstruction schemes. This has led to a change of the scheme used in Mauna Kea
Technologies proprietary software.
Our ﬁrst contribution to the ﬁeld of image registration appears in Chapter 3. We
look at the problem of eﬃciently and robustly registering pairs of images through
a linear transformation. This is, for example, a crucial point for the application
of video sequence stabilization and region-of-interest tracking that we presented
in [Perchant 07] and develop in this chapter. Linear image registration is also
a major computational bottleneck in our mosaicing algorithm. We showed in
[Vercauteren 07b] that some tools that have recently been developed in the ﬁeld
of vision-based robot control can outperform classical image registration solutions
used in biomedical image analysis. This ﬁrst main contribution will thus help us
restrain the computational burden of linear image registration and can be used for
many mono-modal registration problems.
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For many applications, linear image registration will be suﬃcient. However,
when ﬁne and accurate alignment is required, one needs to take into account the
(non-rigid) deformations of the imaged soft tissue. If we only consider linear transformations, our mosaicing algorithm would for example often provide blurred results. In Chapter 4, we develop our second main contribution to the ﬁeld of image
registration. The adequacy of the tools we present in Chapter 3 for linear image
registration led us in [Vercauteren 07b] to revisit non-rigid registration. The insight
we gained allows us to provide interesting theoretical justiﬁcations for the diﬀerent variants of Thirion’s demons algorithm. And more importantly, by casting the
non-rigid registration problem into an optimization problem on a Lie Group, we
develop in [Vercauteren 07d] and in this chapter a fast non-parametric diﬀeomorphic image registration scheme. Our algorithm proved to outperform many existing
registration approaches even in 3D.
In Chapter 5, we present our main contribution to the problem of video sequence
mosaicing. We use the image reconstruction and registration building blocks of the
previous chapters to create a robust mosaicing algorithm that can automatically
combine successive frames of the acquired video sequence, cancel motion artifacts,
and reconstitute wide FOV images of the tissues. To image and explore a region of
interest, the confocal microprobe is simply glided along the tissue, either hand-held
for small animal research, or through the endoscope bending. This chapter is, in extenso, the work we published in [Vercauteren 06] which builds on [Vercauteren 05].
This work also features an important quantitative validation of our mosaicing framework by using rigorous controlled experiments.
In Chapter 6 we continue the evaluation of our mosaicing algorithm for reallife clinical applications that we started in [Becker 07, Perchant 06, Thiberville 07,
Vercauteren 07a]. This chapter is devoted to the integration of our mosaicing algorithm into a multicenter clinical trial which is our main contribution in terms of
application. Since a fully automatic solution is necessary in this setup, Chapter 6
is also focusing on an optimized engineering approach of the mosaicing pipeline. To
feed the mosaicing algorithm with suitable video sequences, we designed an automatic scene-splitting algorithm that segments the acquired sequence into smoothmotion, relatively stable, scenes. The computational cost of the full pipeline is
handled by a simple distributed computing model. Another contribution in this
setting was to introduce feedback within the mosaicing pipeline. It is indeed difﬁcult, without further aid, for the practitioner to know whether the sequence he
is acquiring is a good candidate for the post-processing mosaicing. We have thus
designed a real-time algorithm that creates a rough mosaic as long as the motion of
the probe is suﬃciently smooth. This provides direct visual feedback and teaches
the clinicians to acquire smooth motion sequences.
Finally, Chapter 7 concludes this thesis by discussing our contributions and
providing various perspectives on our research work.
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Motivation: Aiming at a Genuine Optical Biopsy
System

Classical confocal microscopy is an established optical imaging technique that can
be used to obtain high-resolution images of cells on tissue samples or cell cultures.
Translation of this technology for in vivo applications can be achieved by using
optical ﬁbers, miniature optics and robust laser scanning approaches. Fibered confocal microscopy, and especially Cellvizio, developed by Mauna Kea Technologies,
Paris, allows clinicians and biologists to easily get a real-time view of cellular structures without removal of biological tissue. Ultimately, these tools should enable the
practitioner to perform what can be referred to as an optical biopsy: a histological examination of biological tissues in vivo and in situ, i.e., directly in the living
organism and in contact with the tissue of interest.
In this chapter, we build on our previous descriptions of ﬁbered confocal microscopy published in [Ayache 06, Vercauteren 08a, Vercauteren 07e]. We detail the
9
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characteristics of a genuine optical biopsy system. The meaning of genuine is obviously arguable. We will advocate using a system that optimizes simultaneously
diﬀerent imaging characteristics. These include spatio-temporal resolution, signalto-noise-ratio but also user-friendliness and compatibility of the acquired sequences
with post-processing algorithms. We will detail how Cellvizio answers those requirements. The goal of this chapter is also to understand the physics of acquisition in
order to enhance the complete imaging system, both hardware and software. We
will show that even if the raw data is almost unusable for user interpretation or for
automated analysis if left untreated, speciﬁc software algorithms that perform the
image reconstruction task in real time can be developed to provide users with highquality, smooth-motion video sequences. This makes the image sequences readily
interpretable by the professionals who rely on them for diagnosis and make them
readily usable for further automated image processing and analysis.
From an algorithmic point of view, most of the material presented in this chapter relies on previous work done at Mauna Kea Technologies [Le Goualher 04,
Perchant 05]. One of our contributions here is to provide a fair comparison of
the diﬀerent image reconstruction algorithms. This analysis led to a change of
the real-time reconstruction scheme used in the proprietary softwares (ImageCell,
Cellvizio-GI software and Cellvizio-Lung software) that Mauna Kea Technologies
develops to control the hardware and perform image analysis tasks.

2.2

Applications of Optical Biopsy

Current in vivo imaging technologies such as MRI, CT, PET, cytometrics, bioluminescence, ﬂuorescence tomography, high-resolution ultrasound or SPECT are only
capable of producing images at resolutions between 30 µm and 3 mm. This range of
resolution, while largely acceptable for a wide scope of applications, is insuﬃcient
for cellular level imaging. On the other side of the resolution range, we ﬁnd several
types of microscopy. The vast majority of microscopes, whether conventional or
confocal, are limited for use with cell cultures or ex vivo tissue samples. The tiny
fraction of microscopes that are dedicated to in vivo use, and that can function
inside the living organism, are called intravital microscopes. These apparatuses
are cumbersome, diﬃcult to use and restricted to research applications on small
animals. They also require a very delicate and speciﬁc preparation of the animal
which includes installing a window on the animal through which the microscope
can look into the body.
As we will see, a promising tool to ﬁll this gap and perform optical biopsy
is given by ﬁbered confocal microscopy (FCM). Other approaches are obviously
possible but none have reached the production stage yet [Jung 04, Oh 06]. We will
now focus on a set of applications that are limited by classical biomedical imaging
tools and can beneﬁt from optical biopsy.

2.2. Applications of Optical Biopsy
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Observing Life at the Cellular Level as it Happens

In small animal imaging alone, the scope of use of optical biopsy is tremendous.
Research in this domain can not only yield new therapeutic solutions or medication.
It can also play a pivotal role in further understanding and treating a variety of
cellular pathologies including cancer, Alzheimer’s and Parkinson’s diseases among
others. We shall brieﬂy review some of the applications of Cellvizio for small animal
imaging1 .

Figure 2.1: The Leica FCM1000 microscope (Cellvizio technology for small animal
imaging distributed by Leica microsystems) used to image peripheral nerves of a mouse.

In the ﬁeld of mouse neuroscience for example, new models of green ﬂuorescent
protein (GFP) and yellow ﬂuorescent protein (YFP) animals as well as new ﬂuorophores, that can label subsets of neurons durably, have recently been combined
with acute or chronic brain slice preparation for classical microscopic ﬂuorescence
imaging. This has led to new insights into the processes occurring in rodent brains.
Furthermore, multi-photon microscopy has been used for dynamic in vivo studies.
To date, multi-photon imaging has, however, been able to acquire only one or two
images per second at depths up to 500 µm in the adult mouse brain. Deep cortical
structures and sub-cortical areas remain out of reach. In vivo deep brain imaging is therefore limited to non invasive yet less eﬀective techniques like MRI and
PET whose spatio-temporal resolutions are unﬁt. In [Vincent 06], the authors have
shown that Cellvizio has the spatial resolution to image various neural structures
in the living animal, the consistency needed for quantitative evaluation of axonal
degeneration and regeneration of peripheral nerves, and the sensitivity to detect
calcium transients on a sub-second timescale.
Another example of applications of optical biopsy can be seen in the ﬁeld of
regenerative medicine. This emerging ﬁeld considers the repair or replacement of
tissues and organs by incorporating the use of cells, genes and other biological
building blocks along with bio-engineered materials and technologies. Although
regenerative medicine is by deﬁnition developed towards clinical applications, re1
Mauna Kea Technologies Cellvizio product range dedicated to small animal imaging
is now distributed by Leica Microsystems under the name Leica FCM1000 microscope,
http://www.leica-microsystems.com/FCM1000
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Figure 2.2: Diﬀerent types of images acquired with Leica FCM1000 microscope
(Cellvizio technology for small animal imaging distributed by Leica microsystems).

search is done as a ﬁrst step on animal models to validate concepts and procedures.
For in vitro evaluation of the quality of the future grafts, there is a clear need for a
minimally invasive high resolution imaging system that can track labeled cells integrated in a scaﬀold. Such a system is also critical in vivo to monitor transplants
over days and months during longitudinal studies. The ideal imaging technology
(hardware and labeling) should be at the same time biocompatible, safe, non-toxic
and non-invasive. It should imply no genetic modiﬁcation or perturbation of the
cells. It should be able to detect single cells at any anatomical location and quantify
the number of cells. There should be minimal dilution of signal with cell division,
minimal transfer of contrast agent to non-cells. Ideally, no additional contrast agent
should be required. In this context, the current standard screening method is to
take a tissue sample in vivo and have it analyzed under the microscope. Current
histological methods can take as long as 24 hours. They also require the animal to
be sacriﬁced at each measurement to get conclusive results, which obviously prevents longitudinal monitoring. In contrast, ﬁbered confocal microscopy has been
shown to meet many of the criteria listed above. Cellvizio therefore oﬀers a compelling opportunity for cell tracking. It enables the operator to see the tissue of
interest in real time, to make an almost immediate evaluation. Cellvizio also allows
one to track speciﬁc cells in vivo over several days provided one manages to image
the same region.
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Let us ﬁnally mention that the use of small animal in vivo imaging systems has
led to multiple advances in drug discovery and the study of diseases. Pharmaceutical
companies are thus using them increasingly to assess the eﬀectiveness of new drugs.
However, classical biomedical imaging devices do not always allow for ﬁne scale
measurements. In the ﬁeld of cancer therapy, scientists have been trying to overcome
the limitations and toxicity of radiotherapy and chemotherapy by ﬁghting neoangiogenesis. Angiogenesis is the formation of new blood vessels and only happens
during embryonic development, wound healing and tumor growth. Compared to
traditional therapies, angiogenesis inhibition has the advantage of not targeting the
tumor itself. Thus, it does not increase tumor aggressiveness by a genetic selection
of cells. Furthermore, the toxicity is limited to new blood vessels which limits side
eﬀects. However, the interest for angiogenesis therapies has been hindered by the
diﬃculties researchers meet in imaging and characterizing angiogenesis. Assessing
the eﬃciency of these therapies is indeed not straightforward as opposite eﬀects are
visible. Since the aim is not to kill tumoral cells directly, the traditional deﬁnitions
of appropriate dose and maximal supported dose become irrelevant. Therefore, to
determine the optimal dose, one needs a thorough assessment of the therapy impact
on the tumor vascularization. On tumors growing in window chambers or implanted
subcutaneously, intravital microscopy yields valuable information. Nevertheless, it
is limited by its access capabilities [McDonald 03]. In this context, Cellvizio oﬀers
a new way to image and characterize tumoral angiogenesis with the advantages of
requiring very little preparation and allowing any anatomical location to be imaged
over time [Laemmel 04].

2.2.2

Early Cancer Detection

Cancer is a group of diseases characterized by uncontrolled growth and spread of
abnormal cells. It is the second leading cause of death worldwide. This simple deﬁnition of cancer makes it quite clear that cells play a key role in the diﬀerent stages
of cancer development. Some ninety percent of cancers are epithelial. These cancers are preceded by a curable, pre-cancerous and non-invasive stage that progresses
without symptoms over a period of years before reaching a cancerous and invasive
stage. In the very ﬁrst step of epithelial cancer, anomalous cells ﬁrst appear in
the deepest layer of the epithelium, directly above the basal membrane. The basal
membrane separates the epithelium from the deeper layers of the tissue. It provides
a very strong and eﬀective protection. It is located approximately at 100 µm deep
from the tissue surface for malpighian epithelium, such as cervix epithelium, and
300 µm for glandular epithelium, i.e., tissue that contains secretion glands such as
colon, pancreas and thyroid. Because there are no blood vessels in the epithelium,
epithelial cells cannot spread to other parts of the body. Hence the importance of
detecting an anomaly at a very early stage before the cancer becomes invasive, i.e.,
before the basal membrane is broken.
Since cancer is a disease that aﬀects cells and starts below the surface of the
tissue, its early diagnosis requires a subsurface visualization of the tissue at the
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Figure 2.3: Cancer Progression.

cellular level. As conventional imaging techniques do not allow for a subsurface
cellular visualization of the tissue during a clinical procedure, standard cancer detection protocols are not straightforward.
For epithelial cancers, i.e., most cancers aﬀecting solid organs, the current medical diagnosis procedure is to take a tissue sample, or biopsy, and to have it examined under the microscope by a pathologist. Most of these biopsy procedures are
performed via endoscopy. An endoscope allows for the visualization of the tissue
surface at the macroscopic level. It can neither see below the surface nor provide
a microscopic view of the tissue. Because of these limitations, biopsies have to be
performed without a relevant visual guide.
Several systems are under study to help the endoscopist make an informed decision during the diagnostic endoscopic procedure. Fluorescence spectroscopy can
be used to detect dysplasia and early carcinoma based on the analysis of ﬂuorescence spectra [Bourg-Heckly 00]. Drawbacks of ﬂuorescence spectroscopy lie in the
lack of morphological information, i.e., no cell architecture is available from this
modality, and the signiﬁcant rate of false positives due to inﬂammatory processes.
Chromoendoscopy, i.e., endoscopy with a topical contrast agent, combined with
magniﬁcation endoscopy has become popular as a diagnostic enhancement tool in
endoscopy [Sharma 03]. In particular in vivo prediction of histological characteristics by crypt or pit pattern analysis can be performed using high magniﬁcation
chromoendoscopy [Kudo 01]. One drawback of this technique is that it cannot
provide simultaneously a macroscopic view, for global localization, and a zoomed
image.
Further innovations for better diﬀerentiation and characterization of suspicious
lesions, such as autoﬂuorescence endoscopy and narrow band imaging, are currently
under investigation. However, for targeting both biopsies and endoscopic resection
and improving patient care, the ideal situation is to characterize tissues completely
in vivo, and thus to visualize cellular architecture. This implies the availability
of microscopic imaging during endoscopic examination as provided by Cellvizio.
The confocal nature of this technology makes it possible to observe subsurface
cellular structure which is of particular interest for early detection of cancer. This
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technology can serve as a guide during the biopsy and can potentially perform
optical biopsies by making is a high resolution non invasive optical sectioning within
a thick transparent or translucent tissue [Meining 07a].

2.2.3

Microscopic Imaging of Breathing Lung

With advances in imaging, both computed tomography (CT) and positron emission tomography (PET) are playing an increasing role in lung pathology diagnosis.
Imaging with CT is, for example, very useful in the evaluation of lung cancer, but
it lacks the sensitivity and speciﬁcity to ﬁrmly establish a diagnosis on its own.
A biopsy is thus necessary to conﬁrm a diagnosis such as cancer and to identify
the speciﬁc type of cancer. Most of the time, biopsies will be performed during a
bronchoscopy which involves the use of a bronchoscope to directly view the airways
into the lungs.

Figure 2.4: Healthy alveolar sac network acquired in vivo using Cellvizio in autoﬂuorescence mode (no exogenous ﬂuorophores), FOV: 600 × 600 µm. Courtesy of Pr. A.
Ernst, Beth Israel Deaconess Hospital, Boston.

Visualization of the respiratory system with bronchoscopy has been limited so
far to the central bronchi due to the narrowing diameter of the terminal bronchi
and to the size of existing endoscopes. This major limitation has prevented clinicians from gaining a better understanding of peripheral lung cancers and diﬀuse
interstitial diseases. To examine areas of the lungs that are not accessible during a
bronchoscopy, physicians may perform a needle biopsy, i.e., a rather invasive biopsy
done from the outside through the chest wall.
In [Thiberville 07], we performed FCM imaging and biopsies guided by whitelight and autoﬂuorescence bronchoscopy. We showed that Cellvizio makes it possible to produce clear microscopic images of the subepithelial lamina reticularis of
the bronchial and bronchiolar wall. Because ﬁbered confocal microscopy takes advantage of naturally occurring endogenous ﬂuorescence, no additional preparation
of the patient is needed. We showed that the main endogenous ﬂuorescent signal
originates from the elastin component of the bronchial wall.
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Since the ﬂexible optical microprobe of Cellvizio can be passed through the
operating channel of any bronchoscope, its size allows it to go further than the
bronchoscope by gently pushing it down the airways. These speciﬁcations enable,
for the ﬁrst time, imaging of the alveoli with microscopic resolution at near video
rate. Dynamic processes can thus be observed for in vivo histology.

2.3

Principles of Fibered Confocal Microscopy

From all the possible applications we presented here, one can suspect that the ideal
characteristics or speciﬁcations of a system dedicated to optical biopsies are numerous. The resolution should not exceed a few microns to make it possible to
distinguish individual cells and possibly sub-cellular structures. And above all, the
system should be easy to operate, in complete adequacy with the current clinical
practice. It should not modify the clinician’s procedure and practice. Following
a short learning stage due to the manipulation of a new instrument and to the
interpretation of images never obtained before in such conditions, no more adaptation should be needed in the clinical setting. In particular, the parts of the system
meant to be in contact with the patient should be easily disinfected, using standard
procedures. Such characteristics are crucial for the development of a system for use
in routine practice and not just in clinical research.

2.3.1

Confocal Microscopy

Confocal microscopy enables microscopic imaging of untreated tissue without previous ﬁxation and preparation of slices and thus meets some of the operational-ease
requirements as well as the resolution requirements. As shown in Fig. 2.5, the
technical principle is based on point-by-point imaging. In a laser scanning confocal
microscope, a laser beam is focused by the objective lens into a small focal volume
within the imaged sample. A mixture of emitted ﬂuorescence light as well as reﬂected laser light from the illuminated spot is then collected by the objective lens.
The detector aperture obstructs the light that is not coming from the focal point,
thereby suppressing the eﬀect of out-of-focus points. Depending on the imaging
mode the detector either measures the ﬂuorescence light or the reﬂected light. The
measured signal represents only one pixel in the resulting image. To get a complete
image and perform dynamic imaging, the imaged sample has to be scanned in the
lateral plane for 2D imaging as well as the axial plane for 3D imaging.
Confocal microscopy can be adapted for in vivo and in situ imaging by, schematically, inserting a ﬁber optics link between the laser source and the objective lens.
Fluorescence Mode
The most commonly used mode of confocal microscopy relies on ﬂuorescent light.
Fluorescence is an optical phenomenon in which the molecular absorption of a
photon triggers the emission of another photon with a longer wavelength. There
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Figure 2.5: Schematic principle of confocal microscopy. (a) The laser beam is focused
in the focal volume or imaged point. (b) The light that comes back from the imaged
point is focused onto the detector. (c) and (d) The light that comes back from other
areas than the focal volume is obstructed by the aperture or pinhole.

is a wide range of applications for ﬂuorescence in the ﬁeld of biomedical imaging.
Biological molecules can be tagged with a ﬂuorophore, and the ﬂuorescence of the
tag enables sensitive and quantitative detection of the molecule.
A variety of ﬂuorescent dyes and labels may be used for in vivo imaging. Vital
dyes can for example stain cellular membranes. Some dyes can be used to monitor
physiological processes such as changes in calcium levels. Genetically engineered
ﬂuorescent protein tags such as green ﬂuorescent protein (GFP), derived from the
jellyﬁsh Aequoria Victoria, are used to label proteins. These dyes allow speciﬁc
organelles and cell components to be labeled, and changes in them to be followed
over time. Let us also mention that some biological tissues present some endogenous
ﬂuorescence which allows for ﬂuorescence imaging without further staining.
When a confocal microscope is used with a ﬂuorescent tissue, the light that
comes back from the imaged point is a mixture of emitted ﬂuorescence light as well
as reﬂected laser light. The emitted light is uncorrelated with the reﬂected light
and has a diﬀerent spectrum. By putting a chromatic ﬁlter in front of the detector,
it is thus possible to consider only the information from the labeled tissue. Note
that if several ﬂuorophores that have non-overlapping emission spectra are used to
stain diﬀerent kinds of tissue, it is possible to get multi-channel imaging where each
channel relates to a distinct type of information. In the remainder of this thesis,
we will however focus on single-band imaging.
In [Wilson 90] it is shown that in the ﬂuorescence mode, the intensity I that is
measured by the detector is proportional to the concentration of the ﬂuorophore,
αf luo convolved by the squared eﬀective point spread function (PSF) hef f of the
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system:
I ∝ |hef f |2 ⋆ αf luo ,

(2.1)

where hef f depends on the PSF of the system at the two wavelength involved, the
size of the pinhole and the optical aberrations.
Reflectance Mode
For most clinicians and biologists, confocal microscopy implies ﬂuorescence and
consequently ﬂuorescent labeling. Fluorescent staining allows for imaging of speciﬁc
tissues with a very good contrast and can even enable functional imaging. The
major drawback is, however, that the ﬂuorophores that have to be used require
speciﬁc tissue preparation or, for small animal imaging, genetic bio-engineering of
the animal model. Furthermore, the staining operation should often be non-toxic.
In the clinical setting, the non-toxicity constraint results in the fact that the number
of approved and useful ﬂuorophores can be counted on one hand.
Despite this common belief, confocal systems can also be used to detect the light
that has been reﬂected by the tissue. Reﬂectance confocal microscopy has no need
for dye or tissue preparation and can readily provide images of morphological architecture. It thus seems perfectly ﬁt for non-invasive clinical use. Another advantage
of not using dyes is that the imaging system cannot suﬀer from photobleaching
problems, i.e., photochemical destruction of the ﬂuorophore.
The drawback of reﬂectance confocal microscopy is that it is mostly limited
to morphological imaging. This modality also suﬀers from a poor signal-to-noise
ratio and has a high background signal. The most striking problems come from
the internal reﬂections of the laser beam. Since we can no longer use the spectral
properties to separate the light reﬂected by the tissue from the internally reﬂected
laser light, we have to resort to using higher quality optics and use more technically
involved light separation schemes, such as using time of ﬂight information.
If we look at the image formation equations, it is shown in [Wilson 90] that the
intensity I that is measured by the detector depends on the transmission capacity
γref l of the image tissue and the eﬀective PSF hef f :
I ∝ |hef f ⋆ γref l |2 ,

(2.2)

where hef f and γref l are both complex functions. It can thus be seen that this
system is not linear and that, strictly speaking, we should take care of this nonlinearity when designing image-processing schemes for this modality.
In spite of the drawbacks that we mentioned, it appears that a reﬂectance confocal microscope adapted for dynamic in vivo imaging would meet many of the
requirements of a genuine optical biopsy system for the clinic.

2.3.2

Distal Scanning Fibered Confocal Microscopy

First attempts for developing ﬁbered confocal microscopes (FCM) have historically
been made by teams coming from the world of microscopy. The well-known constraints of confocal microscopy were directly transposed to speciﬁc architectures
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to develop new endomicroscopes. With a similar technological core, these designs
were in majority based on distal scanning schemes2 . In such a scheme, one single
ﬁber transports the laser from the proximal light source to the distal end and back.
A scanning mechanism is installed at the distal tip, in contact with the tissue, to
perform a laser scanning and acquire an image. Diﬀerent architectures have been
investigated by several academic groups and commercial companies: distal ﬁber
scanning, distal optical scanning and micro-electromechanical systems (MEMS)
distal scanning. The great advantage of this distal technology is illustrated by
its very good lateral resolution: almost that of non-ﬁbered systems. Indeed, the
systems developed by Optiscan [Hoﬀman 06], Olympus [Inoue 05, Murakami 03],
Stanford University [Dickensheets 96, Wang 03] and others produce very crisp images through only one optical ﬁber. These systems have ﬁrst been driven by technological solutions already existing in the microscopy ﬁeld. Their ability to obtain
high resolution images is one of their strengths. However, image quality is just one
clinical requirement among many diﬀerent needs absolutely necessary for performing in vivo microscopic imaging, such as miniaturization, ease of use and real-time
imaging. Therefore, one can point out that distal scanning solutions are not able to
meet all the demands of a clinical routine examination, even if they are considered
as very good imaging solutions.

2.3.3

Proximal Scanning Fibered Confocal Microscopy

To circumvent the problems of distal scanning FCM, a number of teams have tried
to use a proximal scanning architecture [Lane 00, Sokolov 03, Sung 02] or a mix of
proximal and distal scanning [Sabharwal 99, Yang 05]. In this work, we use a second
generation confocal endoscopy system called Cellvizio developed by Mauna Kea
Technologies (MKT), Paris, France. MKT’s adaptation of a confocal microscope for
in situ and in vivo imaging can be viewed as replacing the microscope objective by
a ﬂexible optical microprobe. The length and diameter of the microprobe has been
designed both to be compatible with the working channel of any ﬂexible clinical
endoscope and to minimize invasiveness when accessing remote organs of small
animals. A ﬁber bundle composed of tens of thousands of ﬁber optics is used as the
link between the proximal scanning unit and the microscope objective, remotely
placed at the tip of the ﬂexible optical microprobe. The schematic principle of
ﬁbered confocal microscopy is presented in Fig. 2.6 and typical images appear in
Fig. 2.2.
Such a proximal scanning choice has many advantages on the application side as
shown for example in [Flusberg 05, Helmchen 02]. Decoupling the scanning function
from the imaging one allows for the optimization of both functions independently.
The distal optics can thus be miniaturized down to a volume much smaller than
what distal scanners can reach now, with very little compromise between optical
quality and size. Since the scanner can be allocated an arbitrary volume, well known
2
It is common to refer to laser scanning mechanisms as being either proximal or distal to the
light source
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Figure 2.6: Schematic principle of ﬁbered confocal microscopy.

and reliable rapid scanning solutions such as resonant or galvanometric mirrors can
be used. A purely passive optical microprobe is also more compatible with cleaning
or decontamination procedures that regular clinical or biological use requires. Last
but not least, ﬁber bundles are already existing products, available on the market
under diﬀerent designs and speciﬁcations. There is no need for speciﬁc developments
before using them in biomedical devices. Their association with simpliﬁed distal
ends should enable their manufacturing at a relatively low cost, opening the way to
the production of disposable items.
Cellvizio makes it possible to observe subsurface cellular structures with an
optical section parallel to the tissue surface at a depth between 0 and 100 µm. The
imaging depth cannot be controlled on a single optical microprobe but depends
on the speciﬁc optical microprobe used. Therefore, the physician or biologist will
be using diﬀerent optical microprobes, with diﬀerent technical speciﬁcations, for
diﬀerent applications. Confocal image data is collected at a rate of 12 frames per
second. The smallest lateral and axial resolutions available are 1 µm and 3 µm.
Fields of view ranging from 130 × 130 µm to 600 × 600 µm can be obtained thanks
to a set of ﬂexible optical microprobes whose diameters vary from 0.16 to 1.5 mm.
Given their diameters, the microprobes can be inserted through the working channel
of any endoscope. In the clinical setting, FCM is thus typically used in conjunction
with an endoscope. Both macroscopic (endoscope image) and microscopic view
(FCM image) are available at the same time as shown in Fig. 2.7. This dual view
facilitates the selection of the area to be biopsied.
Of course, this approach has well known drawbacks. Even if it is simpliﬁed by
the absence of a distal scanner, proper light focusing and collection at the distal
end of the probe remains a critical issue, in particular when reaching very small
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(a)

(b)

Figure 2.7: Illustration of a typical Cellvizio-GI setting. (a) The miniaturized ﬂexible optical microprobe is small enough to ﬁt into the accessory channel of any ﬂexible
endoscope. The optical microprobe is made to be used like biopsy forceps, its ﬂexibility allows most anatomical conﬁguration of the endoscope. (b) Wide ﬁeld-of-view
imaging remains available when the optical microprobe is in contact with the tissue
and microscopic imaging comes in.

optics dimensions. Because of the passivity of the ﬁber optic bundle, the system
also suﬀers from some loss of resolution and is limited to 2D imaging. Nonetheless,
the most widely reported problem of this approach is certainly related to the image
itself. It normally shows a strongly visible honeycomb pattern and also often suﬀers
from other artifacts and aliasing eﬀects.
In the next section, we show that speciﬁc image processing schemes can be
designed to cope with these artifacts in real time. The control and acquisition
software that comes with the Cellvizio is thus an inherent part of the imaging
device and helps it move towards a true optical biopsy system.

2.4

Real-time Fiber Pattern Rejection

The speciﬁc imaging modality we focus on raises speciﬁc image processing problems.
The non-uniform honeycomb pattern and the geometric distortions that appear on
the raw, unprocessed, data, makes it impractical for user interpretation or for automated analysis if left untreated. Algorithms that take on the image reconstruction task in real time have thus been developed to provide users with high-quality,
smooth-motion video sequences. These sequences become eﬀortlessly interpretable
by the professionals who rely on them for diagnosis and are readily usable for fur-
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ther automated image processing and analysis. Most of the available methods are
only focused on the removal of the honeycomb pattern [Elter 06, Winter 06] and
often only imply performing a simple low-pass ﬁltering. The approach of Mauna
Kea Technologies not only removes the honeycomb pattern but also recovers the
true signal that comes back from the tissue and compensates for the geometric
distortions [Le Goualher 04, Perchant 05].

2.4.1

Calibrated Raw Data Acquisition

Proximal implementation of the scanning function enables the use of very robust
and reliable solutions for a fast and accurate scanning. The laser scanning unit
uses two mirrors to scan the proximal surface of the ﬂexible optical microprobe
with the laser source. Horizontal line scanning is done using a 4 kHz oscillating
mirror while a galvanometric mirror handles frame scanning at 12 Hz. A custom
synchronization hardware controls the mirrors and digitizes, synchronously with the
scanning, the signal coming back from the tissue using a mono-pixel photodetector.
Cellvizio scanning reproducibility is better than one half of a ﬁber diameter. This
performance enables the calibration of the continuous motion of the illuminating
spot. The sine-wave shape of the geometric distortion due to the resonant mirror
(ﬁsheye-like eﬀect) can thus be compensated. This correction permits a comprehensive rectangular mapping of the ﬁeld-of-view. This is mandatory for any metric
interpretation using the images, or any complex combination of individual frames.
The proximal scanning is associated with optimized optics that guarantees a very
good injection of the laser within the ﬁbers.
When organized according to the scanning, the output of the FCM can be
viewed as a raw image of the surface of the ﬂexible optical microprobe. Scanning
amplitude and signal sampling frequency have been adjusted to perform a spatial
oversampling of the ﬁber bundle in the sense that the raw images have many more
pixels than the number of ﬁbers in optical microprobe. This is clearly visible on the
raw image in Fig. 2.8 where one can see the individual ﬁbers composing the bundle.
Such an oversampling is needed to be able to distinguish the signal coming from
each individual ﬁber. A typical ﬁber bundle is composed of 30, 000 ﬁbers, with a
ﬁber inter-core distance dic of 3.3 µm, and a ﬁber core diameter of 1.9 µm. Fiber
arrangement is locally quasi hexagonal, but does not show any particular order at
larger scales.
Critical elements in the raw image formation process lie in a correct spatial
sampling of the ﬂexible optical microprobe but also in the adjustment of the point
spread function (PSF) of the system with this spatial sampling. We indeed want
to avoid aliasing on the tissue side. When analyzing the system from the point of
view of the sampling theory, the PSF corresponds to the low pass ﬁlter and the
ﬁber optics bundle to the sampling grid. The Nyquist frequency is then given by
(M/dic )/2 where M is the magniﬁcation of the optical head and typically ranges
from 1.0 to 2.5. The PSF of the system should therefore satisfy this frequency. As
a rule of thumb the PSF width should approximately be the Nyquist period. The
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Figure 2.8: Autoﬂuorescence FCM images of a Ficus Benjamina leaf. Left: Raw data.
Right: Reconstructed images. Top: Complete images. Bottom: Zoom on rectangle.
Note that the non-uniform honeycomb modulation and the geometric distortions on
the raw data have been corrected in the reconstructed image.

resulting lateral resolution of such a system is then given by 2.dic /M . For a user to
beneﬁt from the full spatial resolution allowed by the sampling theorem, an optimal
ﬁber pattern removal and geometric distortion compensation scheme is needed.

2.4.2

From Raw Data to Irregularly Sampled Images

The task of the on-the-ﬂy image reconstruction module is to restore, at a rate of
12 frames per second, the true physical signal from the raw data by removing the
ﬁber bundle honeycomb modulation and the scanning distortion.
As mentioned previously, the ﬁber inter-core distance and the PSF of each ﬁber
have been tailored to basically meet the sampling theorem requirements. We can
thus consider that each ﬁber of the bundle provides one and only one sampling
point on the tissue. Associated with these sampling points comes a signal that
depends on the imaged tissue and on the single ﬁber characteristics. The role
of the image processing is ﬁrst to build a mapping between the FCM raw image
and the ﬁbers composing the ﬂexible optical microprobe. Once this mapping is
obtained, characteristics of each ﬁber are measured and the eﬀective signal coming
back from the tissue is estimated. We then have non-uniformly sampled frames
where each sampling point corresponds to a center of a ﬁber in the ﬂexible optical
microprobe. In this section, we will give an overview of the techniques employed
to go from the raw data to an irregularly sampled image. We refer the reader to
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[Le Goualher 04, Perchant 05] for more detailed information.
Calibration
As a preliminary step, a mapping between the FCM raw image and the ﬁbers composing the ﬂexible optical microprobe is built. This is achieved by using segmentation algorithms that have speciﬁcally been designed for our ﬁber optics bundle.
After segmentation, we have access to the position of the ﬁbers within the raw
image and to the scanning distortion. Therefore, it becomes possible to create a
point set where, for each ﬁber in the bundle, we have one and only one point whose
coordinates are given by the exact, distortion-free, position of the corresponding
ﬁber in the bundle.
This mapping allows us to compute the signal measured by a single ﬁber. When
combined and averaged together, the 15 to 50 pixels corresponding to one single
ﬁber lead to a signal I with a much better SNR.
Since the signal that is measured by a single ﬁber depends on the imaged biological sample signal αtissue (ﬂuorescence or reﬂectance) and on the ﬁber itself, we need
to estimate some characteristics of each single ﬁber such as its gain and background
(Raman diﬀusion, autoﬂuorescence or reﬂectance). For this purpose, the procedure
is to acquire an image of a neutral sample, αtissue = 0, such as water, and compute
the background signal Ib measured by each ﬁber. An image of a sample of constant
signal, αtissue = const, is also acquired and the signal Is associated to each ﬁber is
computed.
Imaging Model
In ﬂuorescence mode, the relationship between the actual biological sample ﬂuorescence of interest αtissue and the raw signal I measured by each ﬁber of the ﬂexible
optical microprobe, is given by the model from [Le Goualher 04]:

I = I0 . a.τinj .τcol .αtissue + b.τinj .αback
(2.3)

where a and b are constants, τinj and τcol are the injection rate and collection rate
of the ﬁber, αback takes into account intrinsic characteristics of the ﬁber such as
autoﬂuorescence or Raman diﬀusion, and I0 is the intensity of the laser source.
Given the raw signal and the calibration data, the true physical measure αf luo
we would like to have cannot be directly estimated. It is however possible to recover
it up to a scaling factor with the following equation:
Irestored =

I − Ib
= K.αtissue ,
Is − Ib

(2.4)

where K is a constant independent of the considered ﬁber. As mentioned earlier, in
reﬂectance mode the model should be more complex. However, (2.3) still provides
a ﬁrst order approximation that enables adequate image reconstruction in practice.
In any case, the calibration model (2.4) cannot account for all the physical
phenomenon. Moreover, the processing steps (ﬁber segmentation, signal estimation)
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involved in computing the required quantities (positions of the ﬁbers, background
and foreground signal, pre-restoration ﬁber signal) are rather complex. It is thus
necessary to evaluate the accuracy of this distortion-corrected irregularly sampled
image extraction scheme. In this case a simple procedure could be used to evaluate
the ability of the algorithm to recover correct intensities. A set a ﬂuorescent samples
of known concentration were prepared. The irregularly sampled image extraction
was performed on all the samples. For each sample, the consistency of the extracted
ﬁber measurements was evaluated. A ﬂat image is indeed required. It was also
possible to check that across the diﬀerent samples, the extracted intensities were
proportional to the known ﬂuorophore concentration. To evaluate the correctness
of the geometric distortion compensation scheme, the recovered ﬁber inter-core
distance was measured locally and compared to the manufacturer data sheet. It
was shown in [Le Goualher 04] that it was indeed possible to validate the complete
procedure.

2.4.3

Real-time Image Reconstruction

Motivations
At this step, we have access to the distortion-free position of each ﬁber composing
the image bundle as well as the restored intensity, Irestored , for each ﬁber. From
an information theoretic point of view, we have thus recovered all the information
we could get from the raw data. However, to visualize the data, it is necessary to
reconstruct an image on a regular square grid from the irregularly sampled point
set deﬁned by the ﬁbers. Such a reconstruction is also very useful if further image processing or image analysis is required. Most of the available image analysis
algorithms have indeed been developed for regularly sampled data. And even if a
scattered data version exists, it is often much more eﬃcient in terms of computational time to take advantage of the regularity of the sampling grid.
The ﬁnal process of the real-time image processing scheme used in Cellvizio will
thus be the interpolation or approximation, into an image on a square grid, of the
point set we get after the calibration and imaging model inversion steps. In the
literature, this operation is usually referred to as scattered data interpolation or
approximation, function reconstruction, resampling, etc.
For this step also, many factors have to be taken into account if we want to aim
for a unerring interpolation or approximation algorithm. First of all, the reconstruction should be pleasing from a user point of view. Second, the reconstruction
algorithm should be as fast as possible since we want the complete image processing
pipeline to run in real time at 12 frames per second. If possible we would also like
to spare as much CPU as possible for other tasks. We should also consider that
visualization is only one of the requirements. We need, for example, the reconstruction for storage and further processing. It would indeed be ineﬃcient to store
only the point set and recompute the reconstruction each time we need a regular
image. Moreover, from a disk usage point of view, we would like to avoid storing
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the information twice. It would therefore be interesting to be able to recover, from
the reconstructed image, a point set which is as close as possible to the initial one.
Common Reconstruction Methods
The problem of scattered data reconstruction (interpolation or approximation) in
two or more independent variables has been addressed many times in various scientiﬁc ﬁelds. We refer the reader to [Amidror 02, Lodha 99], and references therein,
for good reviews of the most classical methods.
Scattered data reconstruction can be seen as the problem of ﬁnding a continuous
function I(p) such that, given a set of points pk and corresponding values Ik , we
have I(pk ) that is close to, or equal to, Ik . Without any further constraint, it is
thus an ill-posed problem that admits many solutions. Let us brieﬂy mention some
widely used methods and point out their characteristics.
The simplest interpolation methods use a partitioning of the space into cells on
which interpolation becomes easy. They can be related to ﬁnite element methods.
This approach involves creating some type of optimal neighborhoods, using for
example some triangulation or Voronoï diagrams, over which surface patches are
deﬁned. Piecewise constant functions can be used with a nearest-neighbor scheme
to get the fastest reconstruction by assigning a common value to all neighboring
points of a data point. C 0 continuity can be obtained by using piecewise linear
reconstruction over a given triangulation on the data points. The Clough-Tocher
method is certainly the most common C 1 method. It uses a rather ad-hoc triangle
subdivision scheme to go beyond the simple C 0 continuity of linear interpolants.
These methods are often rather eﬃcient even if they need a computation of a space
partition such as a Delaunay triangulation or Voronoï diagram. They are however
often considered to be insuﬃcient because they are sensitive to the distribution of
the data points. Long and thin triangles can often not be avoided and produce
low quality results. The most interesting variant of these methods is referred to as
natural neighbor interpolation [Boissonnat 02]. The interpolated function is deﬁned
for each point p by adding p as a site to the Voronoï diagram of the original data
points, and averaging the data points’ values weighted by the fraction of the cell for
p previously covered by each other cell. This procedure can result in a continuous
function that is smooth everywhere.
Shepard’s method is another classical option that is based on inverse distance
weighting of data. The most basic version produces C 0 continuity but it can be
modiﬁed to get a C 1 continuous interpolation. This technique suﬀers from several
shortcomings such as the production of ﬂatness artifacts at the data points. The
most important issue of this method is however that it is a global method. All the
points should be used to compute the value of the function at a given point.
While these reconstruction methods often oﬀer viable algorithmic alternatives
to the problem of scattered data interpolation or approximation, from a theoretical
point of view, it is not easy to justify them and thus to choose among them. A more
theoretically well founded approach relies on the optimization of some smoothness
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function of the set of functions that satisfy the interpolation constraints in a given
Hilbert space. In [Duchon 77], Duchon showed that this formulation leads to a
solution based on radial basis functions (RBF). RBF methods are often thought
of to be the preferred interpolation techniques in terms of reconstruction quality.
However, they rely on the resolution of a non-sparse linear system of equations with
the dimension equal to the number of data points. This makes them intractable
for large problems. Fast solutions exist [Cherrie 02] but they are still unﬁt for realtime applications. These methods can be extended to use compactly supported
basis functions or provide approximations instead of interpolation by using moving
least-squares (see [Fasshauer 06] and references therein). Nonetheless, in practice
the computational requirements remains high. Other mathematically well-founded
but computationally expensive methods have attacked the problem from the sampling theorem point of view [Aldroubi 01, Strohmer 97]. Their aim is to ﬁnd a
bandlimited function whose samples are as close as possible to the measured samples.
Note that most of the previously mentioned reconstruction algorithm aim at
ﬁnding a continuous function. What we actually need in our case is a resampling
of the data onto a regular rectangular grid. A very interesting approach used in
[Arigovindan 05, Bernard 99, Lee 97, Vázquez 05] to attack this problem directly
is to model the space of allowed function as a discrete B-Spline or wavelet basis.
The goal is then to ﬁnd the best coeﬃcients in this basis. While these algorithms
provide a very sound approach to our reconstruction problem, they are still not
perfectly ﬁt for real-time application.
Our Approach to Reconstruction
Our problem is however somewhat simpler than the generic resampling one since
our data points are on a quasi-hexagonal grid. It is also possible to choose an adequate reconstruction grid. The approach we take is thus very simple. On average,
the distance between the neighbor ﬁbers is given by dic . We choose the reconstruction grid such that, if we map any given ﬁber to its closest reconstruction grid point
(or pixel), the distance between the initial data-point and the resulting discretized
data-points is less than some given fraction of dic . We also require that no two
ﬁbers are assigned the same pixel. These rather restrictive conditions can always
be met in our case because of the quasi-hexagonal pattern and because the diameter
of the ﬁbers in the bundle is bounded by design. This results in choosing dic to
span around 3 pixels. One could argue that our approach amounts to modifying
the ﬁbers positions. However, the perturbation is very local. Moreover, since the
ﬁbers positions were extracted from a segmentation algorithm, there is uncertainty
in the ﬁbers positions in the ﬁrst place. From this discrete mapping, we can come
up with very eﬃcient algorithms. The nearest-neighbor reconstruction algorithm
can use a fast discrete distance map scheme to compute the neighboring areas.
This approach also allows to get interpolations in the discrete setting. Most of the
available continuous interpolation methods will indeed not allow us to recover the
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(a)

(b)

(c)

(d)

Figure 2.9: Visual comparison of the tested reconstruction schemes using a close
up on a typical image. (a) Nearest neighbor interpolation. (b) Linear triangular
interpolation. (c) Smoothed nearest neighbor approximation. (d) Gaussian Shepard
approximation.

initial data point values if the continuous function is then sampled onto a rectangular reconstruction grid. By using this discretization, the continuous interpolation
methods will however also provide a discrete interpolation. Note also that since our
data point mesh is quasi-hexagonal, the Delaunay triangulation will not produce
any problematic long and thin triangles. Moreover, the discretization can be used
to provide more eﬃcient schemes. In [Vercauteren 06] and Section 5, we provide an
eﬃcient Shepard’s like method that relies on a Gaussian weighting inﬂuence of the
data points instead of the usual inverse-distance. With this scheme, a mesh-free
approximation can be obtained by using two Gaussian ﬁltering operations and one
image division. This provides a rather low computational complexity.
We ﬁrst did some preliminary evaluation of the diﬀerent methods to get a feel
of their adequacy and computational requirements. Because of our strict real-time
computation requirement, only four methods remained as potential candidates: the
nearest neighbor reconstruction, the linear triangular interpolation using Delaunay
triangulation, a smoothed version of the nearest neighbor method and our Gaussian Shepard-like algorithm. An equal emphasis was then put on their algorithmic
implementation to get a fair comparison and include the right tool within Mauna
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Table 2.1: Comparison of the tested reconstruction schemes. The reconstruction
time
pP was measured onPa laptop Pentium 4. The reconstruction RNMSE is given by
recons )2 /
2
k (Ik − Ik
k Ik and measures the amount of approximation. The reconstruction visual quality was assessed by expert users.
NN Smoothed NN Linear triangular Gauss. Shepard
Recons. time (ms/s) 1.5
4.8
3.4
7.6
Visual quality
Bad
Good
Suﬃcient
Good
Recons. RNMSE
0%
3.4%
0%
4.2%

Kea Technologies proprietary softwares. All the implementations heavily rely on
precomputations.
Figure 2.9 shows an example image reconstructed with these four algorithms.
We evaluated these algorithms on a set of images to get the results shown in Table 2.1. As expected, the nearest neighbor method is the fastest but provides insufﬁcient results in terms of image quality. The visual quality of the nearest neighbor
scheme can be enhanced at the price of losing the discrete interpolation property
and of adding some computational time by apply a Gaussian smoothing after the
NN reconstruction. Our Gaussian Shepard-like method performs very similarly to
the smoothed NN algorithm. Finally, the discretized linear triangular interpolation
performs the best. Its computational time is the second best. It allows us to retrieve, from the reconstructed image, the initial data points values. It also provides
a suﬃcient visual quality for real-time applications. Therefore, this scheme is now
used for every single image seen by a Cellvizio user.
It should be noted that, if the reconstruction requirements changed, this ranking would need to be changed. For example for the image mosaicing problem we
address in [Vercauteren 06] and Chapter 5, we only need to reconstruct one image.
Furthermore, the data points do not form a quasi-hexagonal mesh anymore. This
implies that, in such an application, the precomputation time has to be taken into
account. Also, the Delaunay triangulation will produce unwanted long and thin
triangles. This is why we developed the Gaussian Shepard-like method.

2.5

The Need for Image Registration

We have seen in this chapter that ﬁbered confocal microscopy devices are becoming
a standard tool to perform in vivo and in situ imaging both in research applications
on living animals and in the clinical setting. These new imaging technologies allow
for the acquisition and visualization of microscopic images with cellular resolution
in any part of the living body, in real time, and without removal of biological tissue.
We have shown that even if the raw data that Cellvizio produces is diﬃcult
to interpret, adequate real-time image processing can provide readily interpretable
smooth motion movies. The ﬁrst contribution of this chapter has been to provide a
detailed description of ﬁbered confocal microscopy. The main contribution ensued
from this insight: Several eﬃcient image reconstruction schemes adapted to the
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particular setting of FCM were proposed and fairly compared. This comparison
led to a well-motivated choice and to a change of Mauna Kea Technologies proprietary softwares. The resulting video sequences can be used for visualization and
quantiﬁcation.
The classical way of using the data produced by biomedical imaging device is
still mainly based on human interpretation. In the next decades this is however
expected to change. In many medical centers in the United States, computer-aided
diagnosis has for example already become a part of the routine clinical operation for
detection of breast cancers. Most biologists and clinical practitioners are starting to
face the need for a more quantitative and automated path for image interpretation.
Typical biomedical imaging users will greatly beneﬁt from advanced image analysis
tools capable of extracting the pertinent information.
We do believe that image registration algorithms are among the most important building blocks that will enable the design of such automated image analysis tools for ﬁbered confocal microscopy. Even if great results have already been
achieved on quantiﬁcation applications on single frames acquired with Cellvizio
[Bourgeais 05, Vincent 06], there are many applications where either tissue or imaging device motions are major problems to perform more accurate quantiﬁcation.
The quest for noninvasiveness (organs should not be damaged) can lead to tissue
or imaging device motions that result in motion artifacts and possible misquantiﬁcations. This noninvasiveness goal is also compounded by the need for a large
ﬁeld-of-view which implies a trade-oﬀ between the size of the imaged region and
the size of the optical microprobe. Both the miniaturization of the ﬂexible optical
microprobe and the access diﬃculties are responsible for such limitations of the
imaging device.
We will show in this thesis how image registration tools can help us move beyond
these limitations. By allowing the stabilization of a given region of interest in a
sequence acquired on a moving organ, image alignment schemes can support more
accurate measurements and can help us track the evolution of a biological process
that takes place during the acquisition. To track the evolution of a disease, it is
also necessary to perform longitudinal studies and register the images acquired at
diﬀerent time steps. With the advent of biomedical imaging, many users are also
using several imaging modalities at the same time to get diﬀerent type of information
simultaneously. To take full advantage of these multiple sources of information, it
is often necessary to align and fuse the diﬀerent images. We will also show in this
thesis that, through video mosaicing, image registration can help us reach a wide
ﬁeld of view while keeping the imaging procedure non-invasive.

Chapter 3

Optimization Methods for
Linear Image Registration
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3.5

3.1

3.2.1

Motivation: Fast and Robust Alignment of Pairs of
Images

As we mentioned previously, image registration has become a fundamental tool in
many biomedical image analysis problems. The process of image registration, which
is also referred to as image fusion, superimposition or matching, aims at ﬁnding an
optimal spatial transformation that will align the given images. Image registration
should map each point in one image onto the corresponding point in the second
image. Of course, the registration schemes that can be used depend on the type of
images we want to align and on the type of spatial transformations we need. This
chapter is focused on the registration of images acquired with the same imaging
modality (mono-modal problem) under the assumption of a low-dimensional parametric space of spatial transformations. More speciﬁcally, we will mostly consider
linear spatial transformations such as translations, rigid-body transformations and
aﬃne transformations. We also focus on registration methods that use the image
31
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intensity directly rather than relying on a set of image features. We refer the reader
to [Maintz 98] for a survey of image registration methods and a discussion on the
diﬀerent properties of intensity-based methods versus feature-based methods.
The main goal of this chapter is to provide a fast and robust approach to the
intensity-based registration problem. If registration of pairs of images is to be
a building block of more elaborate Cellvizio video sequences analysis pipelines,
the eﬃciency of the schemes we use is important. We will indeed often need to
register many pairs of frames to process a complete sequence. Furthermore, as the
integration of information from multiple images ﬁnds more and more applications
in the ﬁelds of biomedical research and clinical applications, the eﬃciency of the
image registration procedures becomes a crucial point for the end-users of many
other biomedical imaging devices. Consequently there is a growing interest from the
scientiﬁc community to better understand and optimize the registration procedures
[Farnebäck 06, Modersitzki 04].
In this chapter, we use the work we developed in [Vercauteren 07b] and present
an eﬃcient approach to image registration with a focus on mono-modal image registration. In this setting, registration is classically performed by optimizing a similarity criterion such as the mean squared error. Literature on image registration
and optimization theory already provides a wealth of algorithms that can be used
to solve this problem. However, they do not always use all the speciﬁcity of monomodal image registration. Our main contribution in this chapter is to shed a new
light on this problem by showing that the tools that have recently been developed
in [Benhimane 04, Benhimane 06, Malis 04] in the ﬁeld of vision-based robot control can be used for biomedical image registration and that they outperform the
well-known optimizers. The eﬃcient second-order minimization (ESM) technique
of [Benhimane 04] takes advantage of the speciﬁcity of mono-modal image registration to boost its convergence rate. It is not tailored to a particular class of spatial
transformations and can thus be used for a broad class of problems.
In Section 3.4 we concentrate on one particular application of this eﬃcient registration scheme. The high resolution images provided by Cellvizio are mostly
acquired on living organs, therefore speciﬁc image processing tools are required to
cope with the natural movements of the tissues being imaged. We address the case
where a Cellvizio user wants to focus on a small region of the living tissue that is
diﬃcult to stabilize mechanically. For instance in vivo and in situ acquisition on
the liver, the bladder or even the heart can be unstable. Such organs receive a growing interest among biologists to assess pharmacokinetics parameters of molecules,
to screen the changing morphology of the anatomy, or to measure bio-distribution
parameters. Moreover, if the images of a sequence were stabilized, measurements
of various image parameters would become possible or easier and could be carried
out for many applications. We propose a region-of-interest tracker that provides
one possible solution to the problem of image stabilization. This region-of-interest
tracker and its application to blood velocity estimation in capillaries of moving
organs form our second main contribution in this chapter. This work was ﬁrst
presented in [Perchant 07].
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Figure 3.1: Schematic view of intensity-based image registration. The optimizer aims
at ﬁnding an optimal spatial transformation with respect to the similarity criterion or
metric.

3.2

Rigorous Mathematical Framework For Intensitybased Image Registration

3.2.1

Image Registration Model

Given a fixed image F (.) and a moving image M (.) in a D-dimensional space,
intensity-based image registration is treated as an optimization problem that aims
at ﬁnding the spatial mapping that will align the ﬁxed and moving images. The
transformation s(.): RD → RD , p 7→ s(p), models the spatial mapping of points
from the ﬁxed image space to the moving image space. The similarity criterion
Sim (F, M ◦ s) measures the quality of a given transformation. In this chapter we
will only consider the mean squared error (MSE) similarity measure which forms
the basis of the intensity-based image registration algorithms:
Sim (F, M ◦ s) =

X
1
1
kF − M ◦ sk2 =
|F (p) − M (s(p))|2 ,
2
2 |ΩP |

(3.1)

p∈ΩP

where ΩP is the region of overlap between F and M ◦s. Figure 3.1 shows a schematic
view of the registration process.
In order to register the ﬁxed and moving images, we need to optimize (3.1)
over a given space of spatial transformations. This can often be done by parameterizing the transformations. However, most of the spatial transformations we use
do not form vector spaces but only Lie groups (e.g. rigid body, projective, diﬀeomorphisms. . . ), meaning that we have a smooth manifold where one can invert
or compose transformations and obtain a spatial transformation of the same type.
We thus need to perform an optimization procedure on a Lie group such as in
[Benhimane 04, Lee 05, Mahony 02].

3.2.2

Newton Methods for Lie Groups

Optimization problems on Lie groups can often be related to constrained optimization by embedding the Lie group in an Euclidean space. The classical way of dealing
with the geometric structure of the Lie group is to use Lagrange multipliers or when
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the constraints are simple to have an ad hoc procedure to preserve the constraints
(e.g. renormalize a quaternion to have a unit quaternion). In this work we use an
alternative strategy known as geometric optimization which uses local canonical
coordinates [Mahony 02]. This strategy intrinsically takes care of the geometric
structure of the group and allows the use of unconstrained optimization routines.
Let us ﬁrst recall that a Lie group G is a smooth manifold together with a
smooth composition map usually denoted as multiplication (x 7→ s ◦ x for x and
s in G), and a smooth inverse map (x 7→ x−1 for x in G), that satisfy the group
axioms: closure, associativity, existence of a neutral element (denoted hereafter as
Id) and existence of an inverse. We refer the reader to the standard textbooks for
a detailed treatment of Lie groups, see e.g. [Helgason 01]. To any Lie group can
be associated a Lie algebra g, whose underlying vector space is the tangent space
of G at the neutral element Id. This Lie algebra captures the local structure of G.
The Lie group and the Lie algebra are related through the group exponential which
is a diﬀeomorphism from a neighborhood of 0 in g to a neighborhood of Id in G.
Let e1 , . . . , en be a basis of the Id-tangent space TId (G) corresponding to a basis
of g. Canonical coordinates provide local coordinate charts so that for any x ∈ G
P
in some neighborhood of s, there exists a vector u = i ui ei ∈ TId (G) such that
P
x = s ◦ exp(u) = s ◦ exp( i ui ei ). These coordinates can be used to get the Taylor
expansion of a smooth function ϕ on the Lie group G:
1
ϕ (s ◦ exp(u)) = ϕ(s) + Jsϕ .u + uT .Hsϕ .u + O(kuk3 ),
2

(3.2)

2

∂
ϕ(s ◦ exp(u)) u=0 and [Hsϕ ]ij = ∂u∂i ∂uj ϕ(s ◦ exp(u)) u=0 .
where [Jsϕ ]i = ∂u
i
This approximation is used in [Mahony 02] to adapt the classical NewtonRaphson method by using an intrinsic update step:

s ← s ◦ exp(u),

(3.3)

T

where u solves Hsϕ .u = −Jsϕ .ϕ(s).
Algorithm 1 (Newton-Raphson Method on a Lie Group)
• Choose a starting point s
• Iterate until convergence:
– Given s, compute Jsϕ and Hsϕ
– Compute the update u by solving the linear system
T
Hsϕ .u = −Jsϕ .ϕ(s) using e.g. a Cholesky factorization of Hsϕ
– Let s ← s ◦ exp(λu), with λ = 1 for the classical case but a line search
can also be used
As in the vector space case, this algorithm has a local quadratic convergence. Another important property of this algorithm is that, similar to the classical NewtonRaphson method, it is independent of the basis of g that we use.
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In many cases, using the Newton-Raphson method is not advocated or simply
not possible. The Hessian matrix is indeed often diﬃcult or impossible to compute, is not numerically well-behaved and convergence problems may arise when
it is not positive-deﬁnite. To address these problems in the context of non-linear
least squares optimization, most of the available eﬃcient methods (e.g. LevenbergMarquardt) are related to the Gauss-Newton method [Madsen 99].
P
Let φ(.) = 12 kϕ(.)k2 = 21 p ϕp (.)2 be a sum of squared smooth functions. The
Gauss-Newton method is based on a linear approximation of ϕ in a neighborhood of
the current estimate. From (3.2), we have ϕ (s ◦ exp(u)) = ϕ(s) + Jsϕ.u + O(kuk2 ).
By keeping only the linear part, we obtain a quadratic approximation that we use
to derive the Gauss-Newton method on a Lie group:
φ(s ◦ exp(u)) =

1
1
kϕ(s ◦ exp(u))k2 ≈ kϕ(s) + Jsϕ.uk2 .
2
2

(3.4)

It is well known that if Jsϕ has full rank, this equation admits a unique minimizer
which is the solution of the following equations known as normal equations:


JsϕT .Jsϕ .u = −JsϕT .ϕ(s).

By using this solution in the intrinsic update step, s ← s ◦ exp(u), we get the
Gauss-Newton method for Lie Groups.
Algorithm 2 (Gauss-Newton Method on a Lie Group)
• Choose a starting point s
• Iterate until convergence:
– Given s, compute Jsϕ

– Compute
the update u by solving the linear system

T
ϕT ϕ
Js .Js .u = −Jsϕ .ϕ(s) using for example a Cholesky decomposition
T

of Jsϕ .Jsϕ or a QR factorization of Jsϕ

– Let s ← s ◦ exp(λu), with λ = 1 for the classical case but a line search
can also be used
In a vector space, the local convergence of the Gauss-Newton method (and the
Levenberg-Marquardt) is in general not quadratic. In the Lie group setting, we also
see that (3.4) is only a ﬁrst-order approximation. We must therefore also expect
only local linear convergence.

3.2.3

Gauss-Newton for Image Registration

For the registration problem (3.1), the Gauss-Newton algorithm can be used with
the following function involved in the nonlinear least squares problem:
ϕp (s ◦ exp(u)) = F (p) − M ◦ s ◦ exp(u)(p).

(3.5)
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ϕ

We now need to compute the Jacobian Js p of this function. In general, we will
be able to compute the exponential numerically but we will not have a closed-form
formula for it. An attractive way to compute the Jacobian will therefore rely on
the chain rule and the fact that the diﬀerential map of the exponential at Id is the
identity [Helgason 01].
In practice, we need a computational representation of the Lie group and the
Lie algebra. By Whitney’s theorem, we know that there exists an embedding Θ,
G → RN , s 7→ Θ(s) of the Lie group in an Euclidean space. This embedding also
allows us to represent the Lie algebra. An example is the matrix representation of
the common spatial transformations (e.g. rigid body, aﬃne, projective) in homogeneous coordinates. In practice, this Euclidean representation is used to compute
the spatial transformation (e.g. using matrix multiplication in homogeneous coordinates). Let us denote w(Θ(s), p) the representation, in the Euclidean embedding
space RN , of the transformation of a point p ∈ RD through the mapping s ∈ G.
Because of the embedding properties, w(., p) is well deﬁned in a neighborhood of
G in RN (e.g. the matrix multiplication in homogeneous coordinates need not be
restricted to a speciﬁc kind of matrices). Using this representation, the chain rule
and the fact that the diﬀerential map of the exponential at Id is the identity, the
Jacobian of (3.5) can be decomposed as (cf. below):
ϕ

Js p =

∂
ϕp (s ◦ exp(u))
∂uT

∂M ◦s(q)
|q=p
∂q T
∂w(X,p)
∂X T
X=Θ(Id)

where ∇p (M ◦ s) =

u=0

= −∇Tp (M ◦ s).J wp .eΘ ,

(3.6)

is the gradient of the warped moving image (D × 1

is the derivative of the mapping action expressed
vector), J wp =
in the Euclidean embedding space (D × N matrix) and eΘ = [Θ(e1 ), . . . , Θ(en )]
stacks the basis vectors of g expressed in the Euclidean embedding space (N × n
matrix). An example of such a decomposition is given in Section 3.3.2 for the rigid
body case.
ϕ

Derivation of (3.6) We apply the chain rule to Js p = − ∂M ◦s◦e
∂uT
Jacobian of (3.5), by using the following decomposition:


M ◦ s ◦ eu(p) = M ◦ s w Θ(eu), p

u (p)

|u=0 , the

where w(Θ(eu), p) = eu(p) is the expression, in the Euclidean embedding space, of
the transformation of the point p through the mapping eu and where Θ(eu) is the
representation of eu in the embedding space. We then get
ϕ

∂w(X, p)
∂M ◦ s(q)
.
T
0
∂q
∂X T
q=e (p)=p
= −∇Tp (M ◦ s).J wp .Θ(ei ),

[Js p ]i = −

X=Θ(e0 )=Θ(Id)

.

∂Θ(exp(ui ei ))
∂ui

ui =0

where we used the fact that the diﬀerential map of the exponential at Id is the
identity and where by deﬁnition J wp , ∂w(X,p)
.
∂X T
x=Θ(Id)
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Image registration (especially mono-modal) is not just a generic optimization problem. Algorithms can take advantage of the speciﬁcity of the problem to develop
more eﬃcient schemes. In this section, we show that the eﬃcient second-order minimization (ESM) procedure proposed in [Benhimane 04] to solve tracking problems
in the ﬁeld of vision-based robot control can be used to outperform classical image
registration algorithms in the ﬁeld of biomedical imaging.
The ESM scheme uses the fact that when the images are aligned with the optimal
spatial transformation sopt , the ﬁxed image and the warped image as well as their
gradient should be very close to each other: ∇p (M ◦sopt ) ≈ ∇p F where the equality
holds up to a noise term. The main idea is that we can use this information to
improve the search direction of the Newton methods.
The optimizers we presented above all work by building a polynomial approximation of the cost function. The Newton-Raphson uses the value of ϕp , its ﬁrst
and second derivatives around 0 to build a second-order polynomial approximation
of ϕp . The Gauss-Newton and Levenberg-Marquardt methods discard the second
derivative of ϕp and can thus only build a ﬁrst-order polynomial approximation
of it. Note that since the cost function uses only the squared norm of ϕp , GaussNewton and Levenberg-Marquardt still have some second-order information in their
approximation of the cost function. These methods are however in general only ﬁrstorder minimization routines. In constrast, the ESM uses the value of ϕp , its ﬁrst
derivative around 0 as well as its ﬁrst derivative around sopt to build a second-order
polynomial without the need of second derivative information.
To get a feel of it, let ϕ(x) be a simple real-valued second-order polynomial. We
know that in this polynomial case, ϕ(x) = ϕ(0) + ϕ′ (0)x + ϕ′′ (0)x2 is a true equality
and not only an approximation. It is also trivial to see that the following equality
holds:

1
ϕ(x) = ϕ(0) + ϕ′ (x) + ϕ′ (0) x.
2
In [Hummel 49], such generalized Taylor expansions are provided in the general
vector space case. For any smooth function ϕ(x) (and not only polynomials), there
exists a point y ∈ [0; x] such that the following equality holds:
ϕ(x) = ϕ(0) +


1
1 ′
ϕ (x) + ϕ′ (0) x + ϕ′′′ (y)x3 .
2
12

By using such a generalized Taylor expansion on Lie groups, the ESM provides
a second-order minimization method that does not need the computation of the
Hessian matrix.

3.3.1

A Second-Order Linearization

With the ESM, the information about the Hessian that is discarded with the
Gauss-Newton iteration is recovered with a Taylor expansion of a Jacobian calculated at the optimal transformation. In a generic optimization problem, such
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an information is not available. However, for image registration, we should have
∇p (M ◦ sopt ) ≈ ∇p F up to a noise term. To use this very special property, let us
deﬁne a generalization of the Jacobian used in Section 3.2.2:
Jsϕ(u) =

∂
ϕ(s ◦ exp(v))
∂v T

.

(3.7)

v=u

Note that at u = 0 we get the initial Jacobian: Jsϕ(0) = Jsϕ. By using a ﬁrst-order
expansion of (3.7) around 0 we have:
Jsϕ(u) = Jsϕ(0) + uT .Hsϕ + O(kuk2 ),
that can be rewritten as uT .Hsϕ = Jsϕ(u) − Jsϕ + O(kuk2 ). By incorporating
this expression into (3.2), this provides us with a true second-order Hessian-free
approximation:
ϕ(s ◦ exp(u)) = ϕ(s) + Jsϕ.u +

1 ϕ
(J (u) − Jsϕ) .u + O(kuk3 )
2 s

(3.8)
1 ϕ
(Js (u) + Jsϕ) .u + O(kuk3 )
2
The non-linear least squares problem of Section 3.2.2 can thus be revisited to get a
second-order approximation of (3.4):
= ϕ(s) +

1
1
(3.9)
φ(s ◦ exp(u)) = kϕ(s) + (Jsϕ(u) + Jsϕ) .uk2 + O(kuk3 )
2
2
The computation of Jsϕ(u) is a diﬃcult problem in the general setting. Even
if we get a closed-form expression of it, a minimization problem that involves this
term might not be easy to solve in practice. To be able to use (3.9), we need to use
the special properties of our problem.
that an optimizer can
From the current transformation s, the optimal step uopt
s
).
From
a computational
make would bring us to the optimum: sopt = s ◦ exp(uopt
s
point of view, the main property behind the ESM procedure is that, for this optimal
opt
step, the product Jsϕ(uopt
is linear in uopt
[Benhimane 06]. This property
s ).us
s
leads to a simple minimization of (3.9).
opt
In order to compute the product Jsϕ(uopt
s ).us , we need to realize that it is
related to the moving image warped with the optimal transformation. The idea
is thus to replace the gradient of the optimally warped image M ◦ sopt = M ◦
s ◦ exp(uopt
s ) by its equivalent, the gradient of the ﬁxed image F . We then get a
opt
as shown in the
simple linear approximation: Jsϕ(uopt
≈ ∇Tp F.J wp .eΘ .uopt
s
s ).us
appendix page 48. This approximation can be used with (3.8) to get:

ESM opt
3
ϕ s ◦ exp(uopt
.us + O(kuopt
s ) = ϕ(s) + Js
s k )

1
ESM
(3.10)
Js p , − ∇Tp F + ∇Tp (M ◦ s) .J wp .eΘ
2
where we omit the image noise and where J wp and eΘ are deﬁned in Section 3.2.3.
An eﬃcient image registration algorithm is thus obtained by choosing an initial spatial transformation and then performing the following iteration steps until
convergence.
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Algorithm 3 (ESM and Gauss-Newton for Registration)
• Given the current transformation s, compute the Jacobians
 w to be used in
1
p
T
T
the normal equations. Let J = − 2 ∇p F + ∇p (M ◦ s) .J p .eΘ for ESM or
J p = −∇Tp (M ◦ s).J wp .eΘ for Gauss-Newton
• Compute the update u by solving the linear system (J T .J).u = −J T .ϕ(s)
using e.g. a Cholesky decomposition of J T .J or a QR factorization of J
• Let s ← s ◦ exp(λu), with λ = 1 or found by a line search procedure
Note that both the Gauss-Newton and the ESM have the same computational
complexity since ∇p F needs only be computed once during initialization.

3.3.2

Example: 2D Rigid Body Transformations

Let us now focus on the optimization of (3.1) for the Lie group SE(2) of 2D rigid
body transformations. To use the optimization method presented in Algorithm 3,
we need to know what the corresponding Lie algebra se(2) is. We also need to be
able to compute the exponential map and the necessary Jacobian.
Most of the Lie groups we consider can be represented as matrix groups, i.e.,
subgroups of invertible matrices. The composition and inversion operations are
simply matrix multiplication and matrix inversion. In this setting, the exponential
P
Ak
map is given explicitly by the standard matrix power series: exp(A) = ∞
k=0 k! .
In general, the matrix exponential does not have a closed-form formula but eﬃcient
methods exists to compute it [Higham 05].
A 2D rigid body transformation r is composed of a rotation of angle α followed
by a translation τ = (τx , τy ). This Lie group SE(2) can be represented using
homogeneous coordinates by a 3 × 3 matrix group of the form
Θ(r) =

R

τ
0 1
α



,

i
h
cos(α) − sin(α)
where Rα = sin(α) cos(α) is a rotation matrix. Thanks to this matrix representation (which is the Euclidean embedding space used in Section 3.2.3), we see that
the Lie Algebra can be represented by the following vector space of matrices (see
appendix page 49):
se(2) =

 dR
0

α

dτ
0



dRα skew-symmetric

(3.11)



is any skew-symmetric matrix (α need not be restricted to
where dRα = α0 −α
0
[0, 2π]) and dτ is any vector. From this expression, we see that a convenient basis
of the Lie algebra se(2) is given (in matrix form) by
Θ(e1 ) =

h 0 −1 0 i
1 0 0
0 0 0

,

Θ(e2 ) =

h0 0 1i
000
000

,

Θ(e3 ) =

h0 0 0i
001
000

.

(3.12)
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We work with a Lie algebra that is a vector space of matrices. It is however
sometimes more comfortable to work with columns vectors. In this case we have:
Θ(e1 ) = [0, 1, 0, −1, 0, 0, 0, 0, 0]T
Θ(e2 ) = [0, 0, 0, 0, 0, 0, 1, 0, 0]T

(3.13)

T

Θ(e3 ) = [0, 0, 0, 0, 0, 0, 0, 1, 0] .
To use Algorithm 3, we still need to compute is J wp . The spatial transformation
r(p) of a point p through a 2D rigid body transformation r is a simple matrix multiplication where, contrary to projective transformations, no rescaling is necessary.
This leads to
i
h
p 0 0p 0 0100
J wp = 0x px 0 0y py 0 0 1 0 .

After some basic simpliﬁcations shown in the appendix page 49, we obtain the expression of interest:
h
i
y 1 0
J wp .eΘ = −p
(3.14)
px 0 1 .

Finally, in order to use the intrinsic update step, s ← s ◦ exp(λu), we need a
computationnal scheme to get the exponential. This can be done using a generic
matrix exponential tool such as the one available in MATLAB®, expm. However,
in the special case of rigid body transformations, we have a closed-form expression
of the matrix exponential [Arsigny 06b]:
i
h
  R A .dτ 

sin(α) cos(α)−1
−1
α
α
where
A
=
α
.
=
exp dR0 α dτ
α
0
1
0
1−cos(α) sin(α)

Registration results: In the context of tracking for vision-based robot control,
a detailed comparison of the optimization schemes showed that, for the space of homographies, the ESM outperformed classical solutions [Benhimane 07]. In this section, we compare the performance of the ESM optimizer with respect to the GaussNewton optimizer on a real-life biomedical image registration problem. A 2D + t

Figure 3.2: Two consecutive images of a dynamic sequence of live mouse colon acquired with a ﬁbered confocal microscope. Images are courtesy of D. Vignjevic, S.
Robine, D. Louvard, Institut Curie, Paris, France.
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Figure 3.3: Simple convergence experiments using the images of Fig. 3.2. We randomly generate initial rigid body transformations and compare the diﬀerent optimizers.
The random generator is Gaussian centered around the optimal transformation (validated by an expert), uses σα for the rotation part and στ for the translation parts.
Note that in the far initialization case on the right, the ESM is faster to converge with
50% of the trials converging in less than 19 iterations vs. 34 for the Gauss-Newton. It
is also more robust as 60% converge in less than 36 iterations with ESM but we never
reach 60% of convergence with the Gauss-Newton.

dynamic sequence is acquired with a ﬁbered confocal microscope (FCM). We performed a rigid body registration between the consecutive frames [Vercauteren 06].
To get a statistically meaningful example, we chose two representative frames and
compared the optimizers with random starting points. Since the emphasis is on
the comparison of the various schemes and not on the ﬁnal performance, no multiresolution scheme was used.
Our results in Fig. 3.3 show that the analysis of [Benhimane 07] can be extended to the problem of biomedical image registration. We indeed see that for
rigid body registration the ESM has a faster convergence rate and is more robust
than the Gauss-Newton optimizer. In this special case, we can also see that the
main advantage we get from the ESM comes from the Hessian-free second-order
approximation rather than the intrinsic update step. We indeed see that the Lie
group and vectorial Gauss-Newton schemes perform similarly. The main reason is
that the Lie group of 2D rigid body transformations is very close to a Euclidean
space. We work with a null curvature. Furthermore, with a simple parameterization using an angle and a translation vector, it is impossible to be mapped out
from the Lie group. This 2D rigid body transformations setting needs thus be seen
as an illustrative example of the power of the ESM. In more complex spaces, such
as those required for projective geometry and those we use in the next chapter,
improvement comes both from the intrinsic update step and from the Hessian-free
second-order approximation.
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Region Tracking Algorithms Applied to Cell Traffic
Analysis

In vivo and in situ confocal images are often distorted by motion artifacts and
soft tissue deformations. To measure small amplitude phenomena on this type of
images, we have to compensate for such artifacts. One way of doing it is by using
image registration schemes such as the one we showed previously in this chapter.
We present in this section a region-of-interest (ROI) tracking algorithm, that
we developed in [Perchant 07], which is specialized for confocal imaging using a
scanning device. One typical application of this tool is provided: the blood velocity
estimation inside a capillary on a moving organ.
Cell traﬃcking in micro vessels is an important research ﬁeld in cellular biology
and molecular imaging. Numerous algorithms have been developed to assess cell
motion, or blood ﬂow, see e.g. [Sato 97, Savoire 04]. To the best of our knowledge,
there had been no previous attempt to perform blood ﬂow velocity measurement on
a sequence acquired in vivo with global tissue motion. This application illustrates
the usefulness of the region-of-interest (ROI) tracking we propose. First results
show that the method permits accurate estimation of blood cell velocity even in
presence of motion artifacts.

3.4.1

Region-of-Interest Tracker

Using Cellvizio, the hand-held ﬂexible optical microprobe can freely glide along the
soft tissue while keeping contact with it. The spatial transformation between two
consecutive frames will thus be composed of a translation, a possible rotation, a
possible little scaling if the tissues are compressed and even some residual non-rigid
tissue deformation. Furthermore, an interesting point of scanning imaging devices
is that the output image is not a representation of a given instant, but a juxtaposition of points acquired at diﬀerent times. Instead of motion blur, we get geometric
distortions, e.g. a circle is distorted into an ellipse. If, within the ﬁeld of view
and during the acquisition of an image, an object moves with a constant translational velocity, the imaged object gets distorted through a skew transformation
[Savoire 04]. This feature has been successfully used for red blood cell velocimetry on single images [Savoire 04] and mosaicing of in vivo video confocal images
[Vercauteren 06].
As a ﬁrst approximation, we can ignore the non-rigid tissue deformation and represent the spatial transformation between two consecutive frames of a laser scanning
confocal sequence by an aﬃne transformation that takes into account the motion
of the optical microprobe, the motion artifacts and the possible small scaling of the
tissue. We know however that the most important component of the inter-frame
spatial transformation we seek is given by the translation component.
The region-of-interest tracking scheme we designed aims at recovering the position of a template image in each frame of the acquired Cellvizio video sequence.
The template is initialized by using a user-deﬁned region of interest. When the
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Figure 3.4: Tracking a selected ROI on tumor vasculature acquired in vivo. The
upper frame is the reference frame, the other rows represent the frames 11 and 15 at
from a 200 frame sequence. The tracked ROIs are shown in the left column with the
corresponding warped region in the right column.

tissue does not change too fast, the same template can be kept over the complete
video sequence. However, if the molecular dynamics evolve to quickly, it is necessary to update the image template. Unfortunately, this procedure can introduce a
drift during tracking.
To ensure faster convergence of the registration scheme, and avoid as much as
possible local optima, our algorithm uses a hierarchical framework that recovers
the translation component ﬁrst and then feeds an iterative multi-scale aﬃne registration scheme with it. A globally optimal translation guess is computed by using
a fast normalized correlation [Lewis 95]. Similarly to the rigid-body case, we have
adapted the ESM registration scheme to work with the Lie group of aﬃne transformation. A multi-scale pyramidal scheme avoids some local minima and provides
some robustness. The computational requirements of the aﬃne registration have
also been lowered by using the ﬁbered nature of our input images. We know from
Chapter 2 that the only informative pixels in the reconstructed images are given by
the ones that correspond to a ﬁber center. It is thus not necessary to use the other
pixels for the computation of the similarity metric.
The complete steps of our ROI tracker can be summarized into the following
algorithm:

44

Chapter 3. Optimization Methods for Linear Image Registration

Algorithm 4 (ROI Tracking Scheme)
• Start with an image sequence and a user-deﬁned ROI in the ﬁrst frame
• Let the user-deﬁned ROI be the image template
• For each frame perform the following step
– Predict the current template transformation from the previous one using
for example a naive prediction or an autoregressive model
– Resample the current image with respect to the predicted spatial transformation
– Find a globally optimal translation using the fast normalized crosscorrelation
– Find an optimal aﬃne transformation by registering the current image
with the template with an iterative registration scheme initialized with
the composition of the predicted transformation and the optimal translation
– If necessary, update the template using the current registered ROI

3.4.2

Application to Cell Trafficking

The analysis of the behavior of blood cells and vessels is a very important topic of
physiology research. As such, in vivo measurements made for example by intravital
ﬂuorescence microscopy have proved since the early seventies to be crucial to the
understanding of the physiology and pathophysiology of micro-circulation. More
recently, ﬁbered confocal microscopy has been shown to allow for the observation
and measurement of several characteristics of microcirculation with the clear beneﬁt
of reducing the invasiveness to its bare minimum [Laemmel 04].
However, as for any quantitative measurement from images, the automated
analysis of the data poses a number of new challenges that need to be addressed
with speciﬁc solutions. In this section, we show how the ROI tracking scheme we
presented above was used in [Perchant 07] to assess cell traﬃcking in a capillary
using Cellvizio.
The aim is to measure a slow blood velocity in a capillary. Classical methods
for velocity measurements of blood cells in micro-vessels are often based on the
processing of 2D temporal image sequences obtained in the ﬁeld of intravital microscopy. Line shift diagram, spatio-temporal analysis or blood cell tracking are
used in such setting to process the sequences generated by CCD-based video microscopes [Sato 97]. For this range of blood velocity and this size of capillary these
conventional methods could not directly be used for Cellvizio because of the unstable nature of many imaged tissues such as tumoral grafts. This is why we chose to
ﬁrst track a given region of interest and then use a cross-correlation scheme on the
stabilized sequence.
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Figure 3.5: ROI tracking using aﬃne transformations: 4 frames (index 1, 51, 101,
151) from the same sequence are displayed with the registered ROI. The complete
sequence includes 237 frames.

The user can select manually a rectangular ROI on the image. Figure 3.5 shows
the tracking of this region on a sequence acquired with a hand-held probe on a
tumoral skin xenograft. Vessels were stained using dextran ﬂuorescein from Invitrogen. Using the tracking results, we resampled each frame to compose a stabilized
sequence. Three frames of this sequence of 5 seconds (acquired at 12 Hz) appear in
Fig. 3.6.
On the temporal mean frame of the stabilized sequence, we have segmented the
vessels using a 2D adaptation of the multi-scale tubular vessel detection algorithm
of [Krissian 00]. We used this adaptation on the same type of images in [Lin 06]
to perform morphometric analysis of the vascular network. The upper left frame of
Fig. 3.6 shows the result of the detection: the medial axis and the vessel borders.
The mean vessel diameter is 10.7 µm, which is roughly the size of a red blood cell.
The medial axis of the vessel in the ROI displayed in Fig. 3.6 was used to
extract the vessel intensity in the center line. The normalized cross correlation of
these two lines allows for the estimation of the velocity of the blood in the capillary.
Two temporally contiguous lines are displayed in Fig. 3.7. Figure 3.8 shows the
estimation of the velocity of the blood in the capillary.
The range of velocities that we can address depends on the scanning period,
and the amplitude. Typical values on the device we used, Cellvizio, are 12 Hz
frame rate, with a ﬁeld-of-view of 0.5 × 0.6 mm2 , and a 3.5 µm spatial sampling
distance, i.e., lateral resolution. The velocity precision is given by the minimum
translation observable between two frames: δv = 0.012 mm/s. The velocity interval
computed using a maximum detectable translation of half the horizontal ﬁeld-ofview is [0, 3.6] mm/s. The same device can perform fast scanning at a frequency
up to 200 Hz with the same resolution by reducing the vertical ﬁeld-of-view. The
velocity interval in this case is maximal when the vessel is horizontal: [0, 60] mm/s
with a precision of 0.2 mm/s.
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Figure 3.6: Upper-left: vessel detection on the temporal mean frame after stabilization. Other images: three contiguous frames of the stabilized sequence (12 Hz). Blood
velocity was acquired on the medial axis segment [AB].
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Figure 3.7: The medial axis intensity of the same vessel on two contiguous frame.
The correlation of the two signals is visible.
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Figure 3.8: Velocities computed using the correlation method on the registered ROI.
The dashed line indicates the mean value of the velocities.
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An additional interesting feature of this tracker is that it also enables the reconstruction of images on the region of interest with an enhanced resolution. This
is made possible, when the kinetics of the signal is slow enough, thanks to the noise
reduction provided by the processing of several registered noisy images of the same
region and to a small remaining aliasing of the input images.

3.5

Conclusions

We showed in this chapter that some tools that have recently been developed for
tracking problems in the ﬁeld of vision-based robot control can outperform classical
biomedical image registration algorithms by exploiting the special nature of the
image registration problem. We have focused on mono-modal registration but the
ESM scheme can also be extended to address more complex intensity relationships.
Robust estimation techniques can be used to account for outliers in the cost function
and we plan to investigate on iterative intensity matching for the optimization of
other simple similarity metrics such as the correlation coeﬃcient and the correlation
ratio.
A biologically relevant application of this eﬃcient registration scheme has also
been proposed. We presented a framework to accurately measure blood velocity
inside a small capillary on a moving region of interest in a ﬁeld-of-view. The region
of interest is stabilized using a specialized tracking algorithm that use an ESM
registration scheme. On the stabilized region, the capillaries were detected using
tubular model-based segmentation. The medial axis signal level was extracted from
the image. The spatio-temporal correlation was ﬁnally used to estimate the blood
velocity in the capillary. Now that the feasibility of the framework has been proved,
the next step would be the validation on both numerical and real data which is left
for future work.
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Appendix
Derivation of (3.10)
ϕ

∂M ◦s◦e (p)
|u=uopt
can be decomposed into a
We detail here how Js p (uopt
s ) = −
∂vT
s
product of three terms. We start by incorporating the optimal update step uopt
s
into M ◦ s ◦ ev (p):
v

opt

opt

M ◦ s ◦ ev (p) = M ◦ s ◦ eus ◦ e−us ◦ ev (p)


opt
= M ◦ sopt w Θ(e−us ◦ ev ), p ,

opt

us = sopt ; where as
where we used the fact that, by deﬁnition of uopt
s , we have s ◦ e
opt
opt
previously w(Θ(e−us ◦ ev ), p) = e−us ◦ ev (p) is the expression, in the Euclidean
opt
embedding space, of the transformation of the point p through the mapping e−us ◦
opt
opt
ev ; and where Θ(e−us ◦ ev ) is the representation of e−us ◦ ev in the embedding
space. By using the chain rule we get:
ϕ

Js p (uopt
s )=

∂M ◦ sopt (q)
opt
opt
∂q T
q=e−u s ◦eu s (p)
∂w(X, p)
opt
opt
.
∂X T X=Θ(e−u s ◦eu s )
opt
∂Θ(e−us ◦ eu)
.
u=uopt
s
∂uT

The ﬁrst term is simply given by the gradient of the optimally warped moving image
which is approximately the gradient of the ﬁxed image:
∂M ◦ sopt (q)
∂q T

opt

q=e−u s

opt

◦eu s

(p)

= ∇Tp (M ◦ sopt ) = ∇Tp F + ε,

where ε is a noise term. The second term is the same as the one appearing in (3.6):
∂w(X, p)
∂X T

opt

X=Θ(e−u s

opt

◦eu s

=

)

∂w(X, p)
∂X T

X=Θ(Id)

, J wp .

The last term is in general very diﬃcult to compute. However, we only need to
compute its product with uopt
which appears to be a directional derivative. We
s
can thus also write it as a rate of change and see it as another directional derivative:
opt
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In this equation, we used the fact that the exponential deﬁnes one-parameter subgroups. This implies that for any scalars α and β we have eαu ◦ eβu = e(α+β)u.
As previously, eΘ stacks the basis vectors of the Lie algebra g expressed in the
Euclidean embedding space.
Lie Algebra for SE(N ) (3.11)
This appendix is designed to provide an intuition of how one can easily ﬁnd the Lie
algebra of a given Lie group. It is deﬁnitely not meant to be a formal proof.
If G is a closed subgroup of GLn(R) then the Lie algebra of G can be thought
of informally as the set of matrices dX of M n(R) such that Id +εdX is in G, with
ε being an inﬁnitesimal
 small
 positive number.
Rτ
Since SE(N ) =
| R rotation matrix is a closed subgroup of GLn(R),
0 1
we can ﬁnd the form of it Lie algebra by looking at Id +εdX. In order
 for Id +εdX
dR
dτ
to be in SE(N ) we obviously need dX to be of the form 0 0 . The only remaining constrain is to get a rotation matrix in the upper left block. It is thus
required that Id +εdR be in the rotation matrix group. We thus only need that
(Id +εdR).(Id +εdR)T = Id in the ﬁrst order sense. This is achieved if and only if
dR + dRT = 0, i.e., dR is a skew-symmetric matrix.
Derivation of (3.14)
Let r be a 2D rigid body transformation
in the Euclidean embedding
 R τ represented

α
space of 3 × 3 matrices by Θ(r) = 0 1 . The mapping of a point p = [px ; py ]
through the transformation r can be expressed using the embedding space of 3 × 3
matrices as


cos(α)px − sin(α)py + τx
w(Θ(r), p) =
sin(α)px + cos(α)py + τy
h a1 a4 a7 i
Let X = aa2 aa5 aa8 be an element of the embedding space. We have
3

6

9



a p + a4 py + a7
w(X, p) = 1 x
a2 px + a5 py + a8



and thus

i
h
∂w(X, p)
p 0 0p 0 0100
= 0x px 0 0y py 0 0 1 0 .
∂[a1 , . . . , a9 ]
By stacking the basis vectors of the Lie Algebra given in (3.13) we get:
 0 0 0
J wp =

1 00

0 0 0
 −1
 0 0
eΘ =  0 0 0  .
 0 0 0
0 10
0 01
0 00

Using a simple matrix multiplication we ﬁnd:
h
y
J wp .eΘ = −p
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i
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Motivation: Fast Compensation of Tissue Deformation

In the previous chapter, we have seen that linear transformation spaces are suﬃcient for many applications of biomedical image registration and we presented an
eﬃcient framework for solving this problem. There are however a number of cases
where linear transformations are simply inadequate. There are three main causes
[Goshtasby 03, Hill 01] that can require the use of non-rigid registration1 . The ﬁrst
is linked to inherent changes of the imaged object that might be due to biological
1

Throughout the manuscript we use the widely accepted term of non-rigid image registration
to refer to the class of methods where the images to be registered have geometric differences that
cannot be accounted for by simple transformations such as global translation, affine and projective
transformations.
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processes such as microcirculation, absorption of the ﬂuorescent dye or that might
be related to morphological changes such as the one appearing because of tissue
motion and compression, surgery, aging or disease evolution. Secondly, non-rigid
registration can help us measure structural variability among diﬀerent subjects such
as the diﬀerence in shapes of subcortical structures. The third type of non-rigid
deformations that might appear within biomedical images is caused by the imaging
devices. We have previously mentioned that Cellvizio is a laser scanning device and
that, as such, the displacement of an imaged object with respect to the optical microprobe results in geometric distortions instead of a simple blur. Severe geometric
deformations can also appear in macroscopic images such as with echo planar image
(EPI) data obtained in functional imaging or PET [Qiao 07]. In this thesis which
is focused on the registration of ﬁbered confocal microscopy images, we have been
confronted to both the ﬁrst and third causes of geometric deformations because we
have mainly been working with single video sequences. In the future however, it
might well be possible to face the second type of deformations, for example if we
were to look at computer aided diagnosis tools for Cellvizio.
Although non-rigid image registration has been a very active area of research
for some time, it is still widely accepted that more work is needed [Goshtasby 03,
Hill 01, Pennec 06b]. In this chapter, we build on the eﬃcient tools we presented in
Chapter 3 and show that our framework can be extended to provide a very eﬃcient
non-parametric diﬀeomorphic image registration algorithm. This work was ﬁrst
proposed in [Vercauteren 07b, Vercauteren 07d]. The goal of this chapter is mainly
to provide a powerful non-rigid registration scheme that can be used to compensate
for tissue deformation in Cellvizio images and can be integrated within more complex processing pipelines such as the mosaicing algorithm we present in Chapter 5.
However, since the non-rigid registration scheme we designed has proved to be very
eﬀective for other biomedical imaging problems, this chapter is written with a larger
perspective in mind. We focus on both Cellvizio images and macroscopic 3D clinical
data. Furthermore, to make this work available to a wider audience, we proposed
in [Vercauteren 07c] an open-source implementation based on the Insight Toolkit
(ITK) [Ibáñez 05]. It can be downloaded at http://hdl.handle.net/1926/510.
We have seen that the ESM provides a very eﬃcient alternative for the problem
of linear image registration. Looking at non-rigid image registration, one of the
most eﬃcient methods is the demons algorithm proposed by Thirion [Thirion 98].
Several variants of the algorithm have been proposed depending on how the forces
are computed. In [Wang 05, Rogelj 06] an ad hoc symmetrization of the demons
forces similar to the one proposed by Thirion was shown to improve the results of
the original demons algorithm. In [Pennec 99] the authors showed that the demons
algorithm had connection with gradient descent schemes. However, to the best of
our knowledge, the diﬀerent variants of the demons have not been given a strong
uniﬁed theoretical justiﬁcation.
Our first contribution in this chapter, Section 4.2, is to show that the image
registration framework presented in Chapter 3 provides strong theoretical justiﬁcation for the demons algorithm and that the diﬀerent variants are related to the use
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of diﬀerent optimizers. One of the main results of this theoretical analysis we presented in [Vercauteren 07b] is to show that the symmetric forces variant is related
to the ESM scheme of [Benhimane 04, Malis 04]. This study thus explains why,
from a theoretical point of view, the symmetric forces demons algorithm seems to
be more eﬃcient in practice. Another contribution of this chapter in Section 4.3
is to provide evidence that, in practice, using symmetric forces indeed leads to a
higher convergence rate.
One of the main limitations of the demons algorithm is that it does not provide
diﬀeomorphic transformations contrarily to the algorithms developed in [Beg 05,
Marsland 04]. Diﬀeomorphic transformations are a requirement in the growing ﬁeld
of computational anatomy. They are powerful for other problems as well, as they
preserve the topology of the objects and prevent from introducing folding which is
often physically impossible. Finally, diﬀeomorphisms are considered to be a good
working framework when no additional information about the spatial transformation is available. The main contribution of this chapter in Section 4.4 is to show that
the alternate optimization scheme of the demons algorithm can be used in combination with the Lie group structure on diﬀeomorphic transformations of [Arsigny 06a].
In contrast to many diﬀeomorphic registration schemes, our diﬀeomorphic demons
algorithm, which we ﬁrst proposed in [Vercauteren 07d], is computationally eﬃcient
since in practice it only replaces an addition of displacement ﬁelds by a few compositions of non-parametric transformations. Our approach is evaluated in Section 4.5
in both a simulated and a realistic registration setup. We show that in addition
to being diﬀeomorphic, our algorithm provides results that are similar to the ones
from the demons but with transformations that are much smoother and closer to
the true ones in terms of Jacobians.

4.2

An Insight into the Demons Algorithm

In [Thirion 98], the author proposed to consider non-parametric non-rigid registration as a diﬀusion process. He introduced demons that push according to local characteristics of the images in a similar way Maxwell did for solving the Gibbs paradox.
The forces are inspired from the optical ﬂow equations [Barron 94] and the method
alternates between computation of the forces and regularization by a simple Gaussian smoothing. This results in a computationally eﬃcient algorithm compared
to other non-rigid registration procedures such as those based on linear elasticity [Christensen 97]. Several teams [Bro-Nielsen 96, Cachier 03, Modersitzki 04,
Pennec 99] have worked towards providing a theoretical framework for the demons
in order to understand and potentially modify the underlying assumptions.
The goal of this section is not to propose a novel non-rigid image registration
algorithm but rather to build on the previous work and improve the understanding
of the demons algorithm. We ﬁrst expand the alternate optimization framework of
[Pennec 99] and show that the diﬀerent variants of the algorithm can all be cast
into the image registration framework of Chapter 3. The symmetric forces variant
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was ﬁrst proposed (but not analyzed) by Thirion as one possible expression of the
demons forces. In [Rogelj 06, Wang 05] a similar ad hoc symmetrization of the
forces proved to boost the results of the demons algorithm. One of the main results
of our theoretical analysis is to show that the symmetric forces demons can be
cast to the ESM optimization method of [Benhimane 04, Malis 04]. We therefore
have both empirical and theoretical evidence that this variant should be the most
eﬃcient one. Our second goal is to verify this evidence in a practical case study.

4.2.1

A Deeper Understanding of the Alternate Optimization of
the Demons

Given a fixed image F (.) and a moving image M (.), non-parametric image registration is treated as an optimization problem that aims at ﬁnding the displacement
of each pixel so as to get a reasonable alignment of the images. Similarly to Chapter 3, the transformation s(.), p 7→ s(p), models the spatial mapping of points from
the ﬁxed image space to the moving image space. In many cases, non-parametric
spatial transformations will be described by a displacement ﬁeld s which is simply
added to an identity transformation to get the non-parametric transformation s:
s : p 7→ p + s(p)
The similarity criterion Sim (., .) measures the resemblance of two images. In this
chapter we will again only consider the mean squared error which forms the basis
of intensity-based registration:
X
1
1
|F (p) − M (s(p))|2 ,
(4.1)
Sim (F, M ◦ s) = kF − M ◦ sk2 =
2
2 |ΩP |
p∈ΩP

where ΩP is the region of overlap between F and M ◦ s.
A simple optimization of (4.1) over the space of non-parametric transformations
leads to an ill-posed problem with unstable and non-smooth solutions. To avoid
this and possibly add some a priori knowledge, a regularization term Reg (s) is
often introduced to get the global energy
E(s) =

1
1
Sim (F, M ◦ s) + 2 Reg (s) ,
2
σi
σT

where σi accounts for the noise on the image intensity, and σT controls the amount
of regularization we need.
This energy indeed provides a well-posed framework but the mixing of the similarity and the regularization terms leads in general to computationally intensive
optimization steps. On the other hand the demons algorithm of [Thirion 98] provides a very eﬃcient registration scheme but has often been considered as somewhat
ad hoc.
In order to cast the demons algorithm into a minimization of a well posed criterion, it was proposed in [Cachier 03] to introduce a hidden variable in the registration process: correspondences. The idea is to consider the regularization criterion
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as a prior on the smoothness of the transformation s. Instead of requiring that point
correspondences between image pixels, a non-parametric spatial transformation c,
be exact realizations of the spatial transformation s, one allows some error at each
image point. Considering a Gaussian noise on displacements, we end up with the
global energy:
E(c, s) = k

1
1
1
(F − M ◦ c)k2 + 2 dist (s, c)2 + 2 Reg (s)
σi
σx
σT

(4.2)

where σx accounts for a spatial uncertainty on the correspondences. We classically
have dist (s, c) = kc − sk and Reg (s) = k∇sk2 but the regularization can, for
example, also be modiﬁed to address ﬂuid-like constraints [Cachier 03].
The interest of this auxiliary variable is that an alternate optimization over c and
s decouples the complex minimization into simple and very eﬃcient steps. The ﬁrst
step solves for the correspondences by optimizing k σ1i (F − M ◦ c)k2 + σ12 dist (s, c)2 ,
x
with respect to c and with s being given, by making a step from c = s. The
second step solves for the regularization by optimizing σ12 dist (s, c)2 + σ12 Reg (s),
x
T
with respect to s and with c being given.
This minimization has a closed-form solution using a single convolution when the
regularization is quadratic and uniform. Given the harmonic regularization criteria
k∇sk2 , for example, it can be shown that the optimal regularized deformation
ﬁeld is the convolution of the correspondence ﬁeld by a Gaussian kernel. More
elaborate regularization terms can lead to advanced vectorial ﬁlters [Cachier 04].
In this work, we focus on the ﬁrst step of this alternate minimization and refer the
reader to [Bro-Nielsen 96, Cachier 03, Modersitzki 04] for a detailed coverage of the
regularization questions.

4.2.2

Compositive and Additive Demons

Let us consider the complete space of non-parametric spatial transformations. As
with any given spatial transformation, the most natural operation we can endow
this space with, is given by the composition of spatial transformations. To optimize
for the correspondences, it is thus relevant to look for a small deformation that will
be composed with the current estimate. Let this small deformation be described by
a dense displacement ﬁeld u. In its seminal paper [Thirion 98], the author proposed
to make, at each iteration what we call a compositive adjustment: s ◦ (Id +u). The
compositive demons algorithm can then be described by the following iterations:
Algorithm 5 (Compositive Demons Algorithm)
• Given the current transformation s, compute a correspondence update ﬁeld
u by minimizing Escorr (u) = kF − M ◦ s ◦ (Id +u)k2 +
to u

σi2
σx2

kuk2 with respect

• For a ﬂuid-like regularization let u ← Kfluid ⋆ u. The convolution kernel will
typically be a Gaussian kernel.
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• Let c ← s ◦ (Id +u)
• For a diﬀusion-like regularization let s ← Kdiff ⋆ c (else let s ← c). The
convolution kernel will also typically be a Gaussian kernel.

A diﬀerent approach relies on the fact that the space of dense displacement
ﬁelds forms a simple vector space with respect to the addition. Several teams have
thus been using an additive adjustment rule s + u instead of the compositive update rule [Cachier 03, Ibáñez 05, Modersitzki 04, Pennec 99]. This type of additive
update is closer to the classical update rules used in Newton methods on vector
spaces. It should however be noted that it disregards the fact that we work on
spatial transformations. While it is natural to compose spatial transformations,
their addition has no geometric meaning. From the practical point of view, it can
be argued that the composition s ◦ (Id +u) requires to warp the dense displacement
ﬁeld s with u and to add the result with u. The addition rule is therefore less
computationally expensive. We show however in our experiments that using this
additive structure, which is not consistent with our transformation space, leads to
slower convergence and less accurate solutions. Let us however give an overview of
how these additive adjustments have been used within the demons algorithm. From
an initial non-parametric transformation s, the following iterations are performed
until convergence:
Algorithm 6 (Additive Demons Algorithm)
• Given the current transformation s, compute a correspondence update ﬁeld
u by minimizing Escorr (u) = kF − M ◦ (s + u)k2 +

σi2
σx2

kuk2 with respect to u

• For a ﬂuid-like regularization let u ← Kfluid ⋆ u. The convolution kernel will
typically be a Gaussian kernel.
• Let c ← s + u
• For a diﬀusion-like regularization let s ← Kdiff ⋆ c (else let s ← c). The
convolution kernel will also typically be a Gaussian kernel.

4.2.3

Demons Forces

We see that, in Algorithm 5 and Algorithm 6, the minimization of Escorr (u) is very
close to the mean squared error image registration problem of (4.1). The goal is to
ﬁnd an optimal update ﬁeld u. Since we deal with a least-square problem, all the
methods we present in this chapter rely on a linearization of the ﬁrst inner term in
Escorr (u) and use a Gauss-Newton like approach.
Let us consider the intensity diﬀerence at a given point, ϕp (s) = F (p)−M ◦s(p).
Let ϕsp (u) = F (p) − M ◦ s ◦ (Id +u)(p) in the compositive case and ϕsp (u) = F (p) −
M ◦ (s + u)(p) in the additive case. Let us assume that the following linearization
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is available:
ϕsp (u) ≈ ϕsp (0) + J p .u(p) = F (p) − M ◦ s(p) + J p .u(p).
We will see in Section 4.2.4 that such a linearization can for example be given by
a Taylor expansion or an ESM scheme. The approximation order will then depend
on this choice of J p . Such a linearization can be used to rewrite the correspondence
energy used in the demons algorithm:
i h Jp i
X h
2
1
F (p)−M ◦s(p)
+ σi (p) I .u(p) ,
Escorr (u) ≈
0
σx
2 |ΩP |
p∈ΩP

where we recall that ΩP is the overlap between F and M ◦ s.
As opposed to the global transformation case (e.g. 2D rigid body transformations) we see that here, the approximations given for each pixel are independent
from each other. This greatly simpliﬁes the minimization of Escorr by splitting it
into very simple systems for each pixel. We indeed only need to solve, at each pixel
p, the following normal equations:
i


 h Jp i
 h
σi (p)
σi (p)
J pT σ
I . σi (p) I .u(p) = − J pT σ
I . F (p)−M ◦s(p)
x
x
0
σx

which simpliﬁes into


σ 2 (p) 
J pT .J p + i 2 I .u(p) = −(F (p) − M ◦ s(p)).J pT .
σx

From the Sherman-Morrison formula, a.k.a. matrix inversion lemma, shown in the
appendix page 76, we ﬁnally have:
u(p) = −

F (p) − M ◦ s(p)
kJ p k2

+

σi2 (p)
σx2

J pT

(4.3)

If we use the local estimation of the image noise σi (p) = |F (p) − M ◦ c(p)|, and the
ESM approximation J p = ∇Tp F + ∇Tp (M ◦ s) /2 shown in Section 4.2.4, we end
up with the exact expression of the symmetric forces demons algorithm. Note that
as shown in the appendix page 76, with this choice of image noise, σx controls the
maximum step length
σx
.
(4.4)
ku(p)k ≤
2

4.2.4

Linearization of the Intensity Difference

We have shown that if a linearization of the intensity diﬀerence is available, we can
explain the forces used in the demons algorithm. In this section, we will show how
the diﬀerent forces can be connected to diﬀerent types of linearization. Obviously
the linearization depends on the type of update rule, compositive or additive, that
we use. The reader not interested in the technical details will ﬁnd in Table 4.1 a
summary of the conclusions of the derivations we show here and may jump directly
to Section 4.3.
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Table 4.1: Demons variants according to the diﬀerent adjustment rules and the
demons forces. In this table, Thirion refers to the variants proposed in [Thirion 98],
ITK refers to the implementation of the Insight Toolkit [Ibáñez 05], and Pennec 99
refers to the variant proposed in [Pennec 99]. The schemes that can readily be explained
by a Gauss-Newton scheme are appended with (GN) while those that almost ﬁt in the
ESM framework are denoted by (ESM-like). The variants that are implemented in ITK
can only be seen as approximate gradient schemes as they use an additive adjustment
rule with forces derived for the compositive demons.
XX

XXXAdjustment
Compositive
Additive
XX
XXX
Used J p
c ← s ◦ (Id +u)
c←s+u
∇Tp (M ◦ s)
Thirion Mov. (GN)
∇Tp F
Thirion Fix.
ITK Fix.

ITK Sym.
∇Tp F + ∇Tp (M ◦ s) /2 Thirion Sym. (ESM-like)
∇Ts(p) M
Pennec 99 (GN)

Compositive Adjustments
In Chapter 3 and [Vercauteren 07b], we have shown that for any Lie group of
spatial transformations endowed with the composition operation, a Hessian-free
second order approximation of the mean squared error similarity criterion could be
obtained using the Lie Algebra and some nice properties of the image registration
problem.
A very similar analysis can be used here. It should however be noted that since
we deal with the complete space of non-parametric spatial transformations, not
all transformations are invertible. Thus, we do not have a Lie group but only a
monoid. It is not too problematic in this case since we can avoid an actual use of
the invertibility property. One of the key technical points in the ESM framework
relied on the embedding of the Lie group within an Euclidean space. In the current
setting, such an embedding is obvious as we can simply use the complete space of
dense displacement ﬁelds. The derivations can thus be simpliﬁed. This will also
help us understand a little more the ESM framework.
As previously, let ϕsp (u) = F (p) − M ◦ s ◦ (Id +u)(p), we can use a Taylor
expansion of it to get the following linearization:
1
ϕ
ϕ
ϕsp (u) = ϕsp (0) + Js p .u + uT .Hs p .u + O(kuk3 ),
2
ϕ

ϕ

∂
ϕs (u) u=0 and [Hs p ]ij =
where [Js p ]i = ∂u
i p
the ﬁrst-order terms. We see that:

∂ϕsp (u)
∂u(q)T

u=0

∂2
s
∂ui ∂uj ϕp (u) u=0 .

Let us ﬁrst look at


∂M ◦ s (Id +u)(p)
=−
∂u(q)T
u=0
∂M ◦ s(ρ)
∂M ◦ s(p + u(p))
= −δp,q
=−
T
∂u(q)
∂ρT
u=0
=

−δp,q ∇Tp (M

◦ s),

ρ=p
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where δp,q is the Kronecker delta. This gives us a ﬁrst order expansion of ϕp :
ϕsp (u) = ϕsp (0) − ∇Tp (M ◦ s).u(p) + O(kuk2 ).

(4.5)

We see in this case that, by plugging J p = −∇p (M ◦ s) into (4.3), we get a GaussNewton step for the compositive update rule.
We also see that since the Jacobian of ϕp is zero for indexes that does not
correspond to the pixel p, it will also be the case for the Hessian matrix2 . We
denote by H p the D × D sub-matrix containing the non-zero elements.
Following the ESM framework, let us express the Hessian matrix through a
Jacobian expressed at the optimal update step uopt
s . This step is deﬁned through
the optimal spatial transformation: sopt = s ◦ (Id +uopt
s ). Note that this deﬁnition
may not be well-deﬁned since we are not on a Lie group anymore. Nevertheless, we
assume that we do have such an optimal update step. This assumption proves to
be very eﬃcient in practice. Let us use a Taylor expansion of an extension of the
Jacobian:
∂ϕsp (v)
∂v(p)T

∂ϕsp (v)
∂v(q)T

=
v=u

+ u(p)T .H p + O(kuk2 )
v=0

= −∇Tp (M ◦ s) + u(p)T .H p + O(kuk2 ).
By using the fact that u(p)T .H p can now be expressed by the diﬀerence of two
Jacobians, we get:
ϕsp (u)

=

ϕsp (0)

1
+
2



∂ϕsp (v)
∂v(p)T

−
v=u

∇Tp (M


◦ s) u(p) + O(kuk3 ).

By the simple change of variable w = v − u, we also have:
∂ϕsp (v)
∂v(p)T

∂M ◦ s(p + v(p))
∂v(p)T
v=u
u=v
∂M ◦ s(p + u(p) + w(p))
=−
∂w(p)T
=−

=
=

−∇Tp+u(p) (M ◦ s)
−∇Tp (M ◦ s ◦ (Id +u))

w=0

. Jac(Id +u)(p)−1 ,

where Jac(Id +u)(p) is the Jacobian of the adjustment Id +u evaluated at p.
With the optimal step uopt
s , the ﬁxed and moving image should be equivalent.
We thus have, up to a noise term,
T
opt
∇Tp (M ◦ s ◦ (Id +uopt
) ≈ ∇Tp F.
s )) = ∇p (M ◦ s
2
In theory, on a smooth manifold, the Hessian matrix should account for the metric. Crossterms might thus appear if we do not use L2 norm. These technical details are however out of the
scope of this thesis.
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Moreover, since we only look at small deformations, we can make the hypothesis
that the Jacobian of the adjustment Jac(Id +uopt
s ) is not to far from the identity.
We then ﬁnd that
∂ϕsp (v)
≈ −∇Tp F.
∂v(p)T v=uopt
s
Which leads to the following Hessian-free linearization:
1
ϕsp (u) ≈ ϕsp (0) − (∇Tp (M ◦ s) + ∇Tp F ).u(p).
2

(4.6)

By plugging J p = − 21 (∇Tp (M ◦ s) + ∇Tp F ) into (4.3), we thus get an ESM-like step
for the compositive update rule.
In [Thirion 98], the author actually suggested the use of J p = −∇Tp F . This can
be justiﬁed by a combination of (4.5) and (4.6):
ϕsp (u) ≈ ϕsp (0) − ∇Tp F.u(p).

(4.7)

A diﬀerent justiﬁcation of a similar force can also be found in [Pennec 99].
Additive Adjustments
In the setting of additive adjustments, we also need a linearization of ϕsp (u) =
F (p) − M ◦ (s + u)(p). We see that since (s + u)(p) = p + s(p) + u(p) = s(p) + u(p),
we have:
∂M ◦ (s + u)(p)
∂u(p)T

=
u(p)=0

∂M (s(p) + u(p))
∂u(p)T

=
u(p)=0

∂M (q)
∂q T

q=s(p)

= ∇Ts(p) M

We then get the following ﬁrst-order expansion:
ϕsp (u) = ϕsp (0) − ∇Ts(p) M.u(p) + O(kuk2 ).

(4.8)

By plugging J p = −∇Ts(p) M into (4.3), we thus get a Gauss-Newton step for the
additive update rule. A similar derivation was proposed in [Pennec 99] but as
they did not see that the matrix inversion lemma could be used, they proposed an
unnecessary approximation of the Hessian matrix with a scalar matrix.
We should also mention that it is very common to ﬁnd implementations of the
demons algorithm that use an additive adjustment rule with the forces that we
justiﬁed in the compositive adjustment case. This is for example the case in the
Insight Toolkit (ITK) [Ibáñez 05] which is often considered as a reference implementation in the biomedical imaging community. These variants can thus only be
seen as approximate gradient schemes. One potential way of justifying them is to
look at a ﬁrst order approximation of the compositive adjustment rule:
s ◦ (Id +u)(p) ≈ s(p) + Jac(s)(p).u(p)
We can see that using the compositive forces with the additive adjustment rule
amounts to discarding the inﬂuence of the Jacobian Jac(s)(p) of the transformation
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s at point p. If this seems reasonable for small deformations, it is however a very
gross approximation for most of the problems we are interested in. This approach
might however be reasonnable if low computationnal requirement is the priority.
Additive adjustments coupled with ﬁxed image gradient forces indeed provide the
lowest complexity per update step.

4.3

Experiments: Practical Advantage of the Symmetric Forces

We have just demonstrated the theoretical advantage of the symmetric forces variant of the demons algorithm in the compositive adjustment case. On the other
hand, previous studies that have used (but not theoretically justiﬁed) a very similar symmetrization of the demons forces have reported the practical advantage of
this variant [Rogelj 06, Wang 05] even with the additive adjustment rule. In this
section, we provide some more evidence by comparing the diﬀerent variants of the
demons algorithm on both a synthetic and a realistic case study.
We used the same set of parameters for all the experiments: a maximum step
length of 2 pixels, a Gaussian fluid-like regularization with σfluid = 1 and a Gaussian
diffusion-like regularization with σdiff = 1. As previously, the emphasis is on the
comparison of the various schemes and not on the ﬁnal performance. Therefore, no
multi-resolution scheme such as in [Hellier 01] was used.
The ﬁrst experiments provide a completely controlled setup. We use a ﬁbered
confocal microscopy image as our original image. For each random experiment, we
generate a smooth displacement ﬁeld with a Markov random ﬁled (MRF) sampler
and warp the original image. We add some random noise both to the original and
the warped image. We then run the diﬀerent demons algorithms starting with an
identity spatial transformation. Two conclusions can be drawn from Fig. 4.2. First,
we see that, for a given type of demons forces, the compositive and additive demons
converge almost at the same pace in terms of MSE. However, if we look at the
harmonic energy and at the distance to the actual ﬁeld, we see that, for all demons
forces, the compositive demons converges faster than its additive counterpart. The
second interesting fact we see here, for both for the compositive and the additive
demons, is the fact that the symmetric forces variant converges faster in terms of
MSE. It also behaves well in terms of smoothness of the displacement ﬁeld. Finally,
it is the fastest to converge in terms of distance to the actual ﬁeld.
Our second setup is a more realistic case study were a gold standard is still
available. We use synthetic T1 MR images from two diﬀerent anatomies available
from BrainWeb [Aubert-Broche 06]. These datasets are distributed along with a
segmentation of eleven diﬀerent tissue classes. The goal of this experiment is to
show that on this more realistic case we can also draw the conclusion that symmetric
forces are an advantageous option in practice. To ease the reading of the results, we
simply compare the most widely used version of the demons, additive update rule
and ﬁxed image force, with is symmetric forces counterpart. We see on Fig. 4.4,

62

Chapter 4. Efficient Diffeomorphic Image Registration

Figure 4.1: Original image (FCM) of a normal human colonic mucosa image (image
courtesy of PD. Dr. A. Meining, Klinikum rechts der Isar, Munich) and one example
random warp used in our controlled experimental setup.

Mean MSE (100 random trials)

Mean harmonic energy (100 trials)

+ & sym
° & sym
+ & ∇F
° & ∇F
+ & ∇M°s
° & ∇M°s
+ & ∇M
° & ∇M

11000
10000
9000
8000
7000
6000
5000

0.4
0.35
0.3

+ & sym
° & sym
+ & ∇F
° & ∇F
+ & ∇M°s
° & ∇M°s
+ & ∇M
° & ∇M

0.25
0.2
0.15

4000
0.1
3000
0.05

2000
1000
0

5

10

15

20

25

0

0

5

10

15

20

25

Iteration number
Iteration number
Mean dist to true field (100 trials)
+ & sym
° & sym
+ & ∇F
° & ∇F
+ & ∇M°s
° & ∇M°s
+ & ∇M
° & ∇M

2.7
2.6
2.5
2.4
2.3
2.2
2.1
2
1.9
1.8
1.7
0

5

10

15

20

25

Iteration number
Figure 4.2: Registration on 100 random experiments such as the one in Fig. 4.1. Note
the faster convergence of the symmetric forces demons in terms of images intensities
agreement (MSE), smoothness of the non-rigid spatial transformation (harmonic energy) and more importantly in terms of distance to the actual spatial transformation.

4.3. Experiments: Practical Advantage of the Symmetric Forces

63

Figure 4.3: Registration of two synthetic T1-weighted MR images of distinct
anatomies from BrainWeb [Aubert-Broche 06].

Table 4.2: Comparison (Dice similarity coeﬃcient * 100) of the discrete segmentations
obtained from the registration with the additive demons of the synthetic T1-weighted
MR images shown in Fig. 4.3. For each tissue class, the best segmentation is obtained
with the symmetric forces variant.
CSF GM WM Fat Muscle Skin
No reg. 41.73 63.06 61.51 19.30 20.14 66.65
Add Fix. 63.41 78.99 79.23 47.74 36.40 78.57
Add Sym. 69.75 83.78 84.58 52.81 41.41 82.94

Skull
42.75
64.91
71.28

Vessels
14.26
27.21
35.21

Fat2
6.06
14.75
17.25

Dura Marrow
14.74 28.19
23.13 45.05
29.79 51.85
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Figure 4.4: Comparison of Thirion’s demons algorithm with the symmetric forces
demons algorithm on the BrainWeb images shown in Fig. 4.3. Note the faster convergence of the symmetric forces demons in terms of images intensities agreement (MSE)
and smoothness of the non-rigid transformation (harmonic energy).
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that, on this dataset also, the symmetric forces variants converges faster in terms
of MSE on the images intensities and smoothness of the displacement ﬁeld. In
Table 4.2, we compare the agreement between the segmentation of the ﬁxed image
and the segmentation of the moving image warped by the non-parametric spatial
transformation found by the registration of the T1-weighted MR images. We show
the Dice similarity index of the eleven tissue classes before any registration and
after registration with the two variants of the demons we consider. We see that,
for each tissue class, the best segmentation is obtained with the symmetric forces
variant.

4.4

Introducing Diffeomorphisms into the Demons

One of the main limitations of both the additive and compositive demons algorithm
is that it does not ensure the invertibility of the output transformations contrarily
to diﬀeomorphic image registration algorithms. It may not be a requirement to get
such diﬀeomorphic transformations. However, this framework may be relevant and
powerful for many image registration problems. It indeed preserves the topology
of the objects in the image and prevents from introducing folding which is often
physically impossible. Diﬀeomorphisms are also considered to be a good working framework when no additional information about the spatial transformation is
available. With the development of computational anatomy and in the absence of
a justiﬁed physical model of inter-subject variability, statistics on diﬀeomorphisms
also become an important topic [Arsigny 06a, Vaillant 04, Xue 06]. Diﬀeomorphic
registration algorithms are at the core of this research ﬁeld since they often provide
the input data.
Diﬀeomorphic image registration usually relies on the computationally heavy
solution of some partial diﬀerential equations [Beg 05, Christensen 96, Joshi 00,
Marsland 04, Miller 98, Trouvé 98, Vaillant 04] or uses very small optimization steps
such as in the approach of [Chefd’hotel 02]. In [Rueckert 06], the authors proposed
a parametric approach by composing a set of constrained B-spline transformations.
Since the composition and inversion of B-spline transformations cannot be expressed
on a B-spline basis, the advantage of using a parametric approach is not clear in
this case. A complex optimization scheme on constrained B-splines has also been
proposed in [Noblet 05] for this problem.
In this section, we propose a non-parametric diﬀeomorphic image registration
algorithm based on the demons algorithm. We have just shown that the original
demons algorithm could be seen as an optimization procedure on the entire space
of displacement ﬁelds. The main idea of our algorithm is to adapt this optimization procedure to a space of diﬀeomorphic transformations. We show that a Lie
group structure on diﬀeomorphic transformations that has recently been proposed
in [Arsigny 06a] can be used in combination with optimization tools on Lie groups
to derive our diﬀeomorphic image registration algorithm.
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A Lie Group Structure on Diffeomorphisms

Like most spatial transformation spaces, diﬀeomorphisms do not form a vector
space. However, they can be smoothly composed and inverted. It is therefore
possible to provide a Lie group structure on the space of diﬀeomorphisms3 . The
most straightforward way to adapt the demons algorithm to make it diﬀeomorphic,
is to optimize the global energy (4.2) over a space of diﬀeomorphisms instead of the
complete space of non-parametric spatial transformations. We thus need to perform
an optimization procedure on a Lie group such as in [Benhimane 04, Mahony 02].
In Chapter 3, we have seen a number of Newton methods for optimization
problems on Lie groups. The main idea of these methods is to ﬁnd, from the current
transformation s, an update step u on the Lie algebra and to use an intrinsic update
rule on the Lie group through the exponential map:
s ← s ◦ exp(u).
Such Newton methods for Lie groups are in theory well ﬁt for diﬀeomorphic
image registration. In practice however, it can only be used if a fast and tractable
numerical scheme for the computation of the exponential is available. We would
indeed have to use it at each iteration. Such an eﬃcient scheme clearly relies on a
good parameterization of the Lie group and the Lie algebra.
In the context of image registration, it has been proposed, in [Miller 98] for landmarks and [Beg 05] for images, to parameterize the space of diﬀeomorphic transformations using time-varying speed vector ﬁelds. This has the advantage of fully using the group structure. However, the computation of a displacement ﬁeld requires
the numerical integration of a time-varying ODE [Trouvé 98]. In [Arsigny 06a] the
authors proposed a practical approximation of such a Lie group structure on diffeomorphisms by using stationary speed vector ﬁelds only. This has the signiﬁcant
advantage of yielding very fast computations of exponentials. It becomes indeed
possible to use the scaling and squaring method and compute the exponential with
just a few compositions of spatial transformations.
By generalizing to vector ﬁelds the equivalence that exists in the ﬁnite dimensional case between one-parameter subgroups and the exponential map, the exponential exp(u) of a smooth vector ﬁeld u is deﬁned in [Arsigny 06a] as the ﬂow at
time one of the stationary ODE,
∂p(t)
= u(p(t)).
∂t
From the properties of one-parameters subgroups (t 7→ exp(tu)), we see that, for
any integer K, we have
exp(u) = exp(K −1 u)K ,
where the power operation relates to the composition of spatial transformations.
This yields the following eﬃcient algorithm for the computation of vector ﬁelds
exponentials:
3
In theory, we should clearly state that we do not have an actual Lie group but only a pseudogroup. These technical details should be addressed by future work.
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Algorithm 7 (Fast Computation of Vector Field Exponentials)
• Choose N such that 2−N u is close enough to 0, e.g. maxp 2−N u(p) ≤ 0.5
• Perform an explicit ﬁrst order integration: v(p) ← 2−N u(p) for all pixels. As
previously we use v = Id +v
• Do N (not 2N !) recursive squarings of v: v ← v ◦ v
It should be noted that since we deal with an inﬁnite dimensional group, this
framework poses some theoretical problems that are yet to be completely solved.
For example, we do not strictly deal with a Lie group but only with a pseudo-group.
We do however have suﬃcient evidence of its well-foundedness and its eﬀectiveness
to consider this framework as one of the most eﬃcient ways of dealing with diﬀeomorphisms.

4.4.2

Diffeomorphic Demons Algorithm

Let us now derive our non-parametric diﬀeomorphic image registration algorithm.
As in Section 4.2.1, we focus on the ﬁrst step of the minimization rather than on
the regularization step. Let us ﬁrst assume that we have a ﬁrst order expansion of
the intensity diﬀerence of the form:
F (p) − M ◦ s ◦ exp(u)(p) ≈ F (p) − M ◦ s(p) + J p .u(p).
To get a computationally tractable expression of the correspondence energy and
optimize (4.2), we choose the following distance between two diﬀeomorphisms:
dist (s, c) = Id −s−1 ◦ c . We then get
dist (s, s ◦ exp(u)) = kId − exp(u)k ≈ kuk .
By using these two expansions, we see that we get the same expression for the
approximation of the correspondence energy
σi2
dist (s, s ◦ exp(u))2
σx2
i h Jp i
h
2
F (p)−M ◦s(p)
σi (p)
.
.u(p)
+
I
0

Escorr (u) = kF − M ◦ s ◦ exp(u)k2 +
≈

X
1
2 |ΩP |

p∈ΩP

σx

We thus have the same expression (4.3) as in the classical demons for the demons
forces. The diﬀerence is in how we compute the Jacobian J p and how we consider u.
In the classical demons u is a dense displacement ﬁeld whereas in the diﬀeomorphic
demons, u is considered as a speed vector ﬁeld.
From these derivations, we thus obtain our non-parametric diﬀeomorphic image
registration algorithm:
Algorithm 8 (Diffeomorphic Demons Algorithm)
• Given the current transformation s, compute a correspondence update ﬁeld
u by minimizing Escorr (u) with respect to u
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• For a ﬂuid-like regularization let u ← Kfluid ⋆ u. The convolution kernel will
typically be a Gaussian kernel.
• Let c ← s ◦ exp(u)
• For a diﬀusion-like regularization let s ← Kdiff ⋆ c (else let s ← c). The
convolution kernel will also typically be a Gaussian kernel.

4.4.3

Linearization of the Intensity Difference

For the diﬀeomorphic demons, we also need a linearization of the intensity diﬀerence
to put in the expression of the demons forces (4.3).
In Chapter 3, we have provided a rigorous derivation of this linearization for any
Lie group. Contrarily to the additive and compositive demons, we now have a Lie
group structure on the space of diﬀeomorphisms. Adapting the ESM framework is
thus just a matter of instantiating the expression we showed previously.
One of the key technical points in the ESM framework relies on the embedding
Θ of the Lie group within an Euclidean space. In the current diﬀeomorphic setting,
such an embedding is quite simple. We only need to work with the complete space of
dense displacement ﬁelds which obviously allows us to represent any diﬀeomorphic
spatial transformation. With the previous notation, we simply have Θ(s) = s. Let
us denote w(Θ(s), p) the expression, in the Euclidean embedding space of dense
displacement ﬁelds, of the transformation of a point p through the mapping s:
w(Θ(s), p) = w(s, p) = s(p) = p + s(p)
By using a Taylor expansion, we have seen in Chapter 3 that ϕsp (u) = F (p) −
M ◦ s ◦ exp(u)(p) could be approximated as follows:
ϕsp (u) = ϕsp (0) − ∇Tp (M ◦ s).J wp .eΘ + O(kuk2 ),
where ∇p (M ◦s) is the gradient of the warped moving image, J wp = ∂w(s,p)
∂sT
s=Θ(Id)=0
is the derivative of the mapping action expressed the Euclidean embedding space
and eΘ stacks the basis vectors of the Lie algebra expressed in the Euclidean embedding space. It is easy to see that, in the current case, we have
∂w(s, p)
∂s(q)T

s=0

=

∂p + s(p)
∂s(q)T

s=0

= δp,q . Id,

where δp,q is the Kronecker delta. We thus have in this special case J wp = Id.
Furthermore, since the Lie algebra spans all the vector space of dense displacement ﬁelds, we simply use the same basis vectors for the Lie algebra and the full
embedding space, meaning that in this special case, eΘ = Id.
From this derivation, we see that a Gauss-Newton approach in the diﬀeomorphic
demons simply provides us a demons force based on the gradient of the warped
moving image:
J p = −∇Tp (M ◦ s).
(4.9)
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The most important conclusion of the ESM framework we presented in Chapter 3
was that a Hessian-free second-order linearization was possible. The expression of
this approximation is given by:
ϕsp (u) = ϕsp (0) −


1 T
∇p F + ∇Tp (M ◦ s) .J wp .eΘ + O(kuk3 ),
2

In our special case, we again ﬁnd a very simple expression that can be used for a
second-order approximation in the demons force:
Jp = −


1 T
∇p F + ∇Tp (M ◦ s) .
2

(4.10)

By combining (4.9) and (4.10), we also see that we get a justiﬁcation of the
forces proposed by Thirion that are based on the gradient of the ﬁxed image only.
The complete set of variants of the demons is summarized in Table 4.3.
Table 4.3: Demons variants according to the diﬀerent adjustment rules and the
demons forces. In this table, Th. refers to the variants proposed in [Thirion 98],
ITK refers to the implementation of the Insight Toolkit [Ibáñez 05], Diffeo. Dem.
refers to our proposed diﬀeomorphic demons [Vercauteren 07d] and Pennec 99 refers
to the variant proposed in [Pennec 99]. The schemes that can readily be explained
by a Gauss-Newton scheme are appended with (GN) while those that ﬁt in the ESM
framework are denoted by (ESM). The variants that are implemented in ITK can only
be seen as approximate gradient schemes as they use an additive adjustment rule with
forces derived for the compositive demons.
XXX
Compositive
Additive
Diﬀeomorphic
XXAdjustment
X XX
c ← s ◦ (Id +u)
c←s+u
c ← s ◦ exp(u)
Used J p
XX
∇Tp (M ◦ s)
Th. Mov. (GN)
Diﬀeo. Mov. (GN)
∇Tp F
Th.
Fix.
ITK
Fix.
Diﬀeo. Fix.

T
T
∇p F + ∇p (M ◦ s) /2 Th. Sym. (ESM-like)
ITK Sym.
Diﬀeo. Sym. (ESM)
∇Ts(p) M
Pennec 99 (GN)

4.5

Experiments: Diffeomorphic Registration Can Be
Fast

To evaluate the performance of the diﬀeomorphic demons algorithm with respect to
the additive and compositive demons algorithm, two sets of results are presented.
We used the same set of parameters for all the experiments: Thirion’s rule (J p =
∇Tp F ) with a maximum step length of 2 pixels was used in the demons force (4.3),
a Gaussian fluid-like regularization with σfluid = 1 and a Gaussian diffusion-like
regularization with σdiff = 1 were used. Since the emphasis is on the comparison of
the various schemes and not on the ﬁnal performance, no multi-resolution scheme
was used.
The ﬁrst experiments are very similar to the ones presented in Section 4.3 and
Fig. 4.1. In this section, we use this setup to compare the diﬀerent variants of the
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Figure 4.5: Registration on 100 random experiments such as the one presented in
Fig. 4.1. We compare the three types of update rule with Thirion’s demons forces based
on the gradient of the ﬁxed image. Note that for similar performance in terms of MSE
and distance to the true ﬁeld, the compositive and diﬀeomorphic demons algorithm
provides much smoother results than the additive demons algorithm. We also see
that we provide diﬀeomorphic transformations whereas min(|Jac(s)|) goes way below
zero with the additive demons algorithm. Furthermore, in terms of distance to the
true Jacobian of the transformation, the diﬀeomorphic demons provide a large gain
with respect to the additive demons and a small gain with respect to the compositive
demons.
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Figure 4.6: Registration of two synthetic T1 MR images of distinct anatomies. For visually similar results, our algorithm provides smoother diﬀeomorphic transformations.

Table 4.4: Comparison (Dice similarity coeﬃcient * 100) of the discrete segmentations
obtained from the registration of the synthetic T1-weighted MR images in Fig. 4.6.
CSF
No reg. 41.73
Add Fix 63.41
Diﬀeo Fix 64.37

GM
63.06
78.99
78.94

WM Fat Muscle Skin
61.51 19.30 20.14 66.65
79.23 47.74 36.40 78.57
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Figure 4.7: Comparison of the additive demons algorithm with the diﬀeomorphic
demons algorithm on the BrainWeb images shown in Fig. 4.6. For similar performance
in terms of MSE, our algorithm provides much smoother transformations than the
additive demons algorithm. Most importantly we see that we provide diﬀeomorphic
transformations whereas min(|Jac(s)|) goes way below zero with the additive demons.
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adjustment rule. They provide a completely controlled setup. We use a ﬁbered
confocal microscopy image as our original image. For each experiment, we generate
a random diﬀeomorphic spatial transformation (by passing a Markov random ﬁeld
through the exponential) and warp the original image. We add some noise both
to the original and the warped image. We then run the registration algorithms
starting with an identity spatial transformation. We see on Fig. 4.5 that, in terms
of MSE, the performance of the additive demons, the compositive demons and the
diﬀeomorphic demons algorithm are similar. However, the distance to the true ﬁeld,
the harmonic energy and the minimum and maximum values of the determinant of
the Jacobian of the transformation show that both the compositive demons and the
diﬀeomorphic demons clearly outperform the additive scheme by providing much
smoother spatial transformations. We also see that our diﬀeomorphic algorithm
provides better results in terms of distance to the true Jacobian of the transformation. Note that this is accomplished with a reasonable 50% increase of computation
time per iteration with respect to the computationally eﬃcient additive demons
algorithm. We could also have presented for all the adjustment rules, a comparison
of the diﬀerent demons forces. We chose however not to show these results as the
conclusions are very similar to the ones found in Section 4.3. The symmetric forces
variant outperforms the other demons forces.
Our second setup is the same as the second setup of Section 4.3. It is a more
realistic case study were a gold standard is still available. We use synthetic T1 MR
images from two diﬀerent anatomies available from BrainWeb [Aubert-Broche 06].
These datasets are distributed along with a segmentation of eleven diﬀerent tissue
classes. The goal of this experiment is to show that, on this more realistic case,
we can also draw the conclusion that diﬀeomorphic demons are an advantageous
option in practice. To ease the reading of the results, we simply compare the most
widely used version of the demons, additive update rule and ﬁxed image force with
its diﬀeomorphic counterpart. We see on Fig. 4.7 and Table 4.4 that, on this dataset
also, the additive demons algorithm and our algorithm provide very similar results
in terms of visual appearance, MSE and segmentation accuracy. However, we see
that our algorithm does it with much better spatial transformations. We indeed
get smoother deformations that are diﬀeomorphic.
Thanks to our open-source implementation of the diﬀeomorphic demons algorithm [Vercauteren 07c], our registration scheme has also been tested by an independent group, cf. [Urschler 07]. They proposed a non-rigid registration evaluation framework and benchmarked six diﬀerent open-source non-rigid registration
algorithms. According to their ﬁndings, “the overall best results on the evaluation experiments are given by the diﬀeomorphic demons algorithm.” Given the
small number of tested algorithms and the current evaluation framework used in
[Urschler 07], these results do not, by any means, provide a deﬁnite ranking. They
can however be considered as a further evidence to support the value of our approach. A more advanced tool for benchmarking non-rigid registration algorithms
might also be available in the near future [Christensen 06].
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Discussion

In this section, we discuss some of the theoretical issues of our diﬀeomorphic demons.
A recent work proposed a diﬀeomorphic image registration algorithm that is close
to our proposition in the sense that it uses the exponential of a stationary vector
ﬁeld to get a diﬀeomorphic spatial transformation [Ashburner 07]. To provide a
more objective view, the present discussion is organized around how the work of
[Ashburner 07] and our diﬀeomorphic demons address some of the theoretical issues
diﬀerently.
Discretization Questions
We have provided a principled approach to the problem of non-parametric diﬀeomorphic registration. However our discussion is based on spatial transformations
and vector ﬁelds deﬁned on a continuous domain. In practice of course, we need
to discretize the problem. In this work, this is simply done by using the sampling grid of the images to represent the spatial transformations and the vector
ﬁelds. Trilinear interpolation is then commonly used to interpolate between the
sampling point. It should however be noted that this discretization is, in theory,
not necessarily consistent with the continuous diﬀeomorphic framework. It might
even be argued that diﬀeomorphisms are not well-posed in the context of discrete
grid [Bazin 07]. A somewhat more rigorous approach might be to integrate the
interpolation, within the modeling of the problem such as in [Ashburner 07] and
some ﬁnite element based methods. However, since our approach is based on the
composition of transformations and that the composition of ﬁnite element based
transformations cannot in general be represented by a similar ﬁnite element based
transformations it is not clear what the advantage would be. Furthermore, this
would induce a larger computational cost.
In our results, we have shown that, in general, the diﬀeomorphic demons provided spatial transformations whose Jacobians remain positive. It might however
not be always the case. The way we compute the Jacobian is by ﬁnite diﬀerence on
the sampling grid. This computational framework is however, in theory, not necessarily consistent with the continuous diﬀeomorphic setup. It might indeed well
be the case that a true continuous diﬀeomorphism has negative Jacobians when
evaluated by ﬁnite diﬀerence on a sampling grid. This would simply mean that,
in some sense, our sampling grid does not meet the Nyquist criterion for the spatial transformation we consider. In [Ashburner 07], the author proposed to use a
computation of the Jacobian of the transformation that is more consistent with the
composition of spatial transformations. If we know the Jacobian of two transformations, the analytical Jacobian of the composition at a given point can be computed
through matrix multiplication. This has the advantage of better estimating the
true Jacobian. However, since we still represent the composed transformation on
the sampling grid, it can in this case be argued that the Jacobian is not consistent with the representation of the transformation. This would also result in a
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more computationally intensive scheme as we would need to compute and store the
Jacobian at each iteration. In our setting, we also use a smoothing of the transformation. Because of this smoothing, it is also diﬃcult to get an analytical form of
the Jacobian of the spatial transformation.
Compositive Demons as an Approximate Diffeomorphic Demons
In the results we showed in Section 4.5, we see that the compositive demons algorithm provides results that are very close to the results of the diﬀeomorphic demons,
with a slight advantage to the diﬀeomorphic demons.
This conclusion should in fact not be so surprising. In Section 4.2, we provided
one possible theoretical derivation of the compositive demons. Our explanation was
based on an ESM view of the registration problem. It was however not completely
possible to cast the compositive registration scheme into the ESM framework as we
do not have a Lie group structure on the complete space of non-parametric spatial
transformations. This is why we had to go through the derivation of the compositive
demons forces rather than instantiating the ESM framework to a given transformation space. Moreover, some further approximations were necessary. In contrast, in
the case of the diﬀeomorphic demons, the Lie group structure on diﬀeomorphisms,
allows us to derive a very principled approach to non-rigid registration that nicely
ﬁts into the ESM framework. A diﬀerent way of looking at the compositive demons
is to realize that the compositive and diﬀeomorphic adjustment rules are equivalent
up to the ﬁrst-order:
s ◦ exp(u) = s ◦ (Id +u) + O(kuk2 ).
And since we only use small adjustments, the ﬁrst-order approximation can provide
good results. On a similar point, it is shown in [Arsigny 06a, Ashburner 07] that,
for a given speed vector ﬁeld, there is an optimal number of steps to compute the
exponential. If too many steps are used, we introduce too much numerical errors.
Because, in our case, we only use small speed vector ﬁelds, it might be better to use
very small number of scaling and squaring steps. As Id +u can also be seen as an
exponential computed with zero scaling and squaring steps, it might explain that
the compositive demons performs well.
In contrast, if we try to get such a retrospective view of the additive demons,
we see that a crude approximation is necessary. We indeed have at the ﬁrst order,
s ◦ exp(u)(p) ≈ s(p) + Jac(s)(p).u(p),
which basically implies that the additive demons can be seen as an approximation
of the diﬀeomorphic demons if we disregard the inﬂuence of the Jacobian of the
current transformation. This Jacobian can actually be quite far from the identity.
This can explain the divergence of the Jacobian when using additive demons.
All in all, we do believe that even if the results of the diﬀeomorphic demons
are only slightly better when compared to the compositive demons, the algorithm
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we developed provides a well-posed framework for dealing with diﬀeomorphisms.
Future work should aim at ﬁnding how to automatically compute the number of
steps in the exponential. It might well be the case that, in our case, most of the
time the optimum number is zero.

Different Ways of Using the Exponential
We have seen that the parameterization of diﬀeomorphic transformations through
a stationary speed vector ﬁeld presented in [Arsigny 06a], provides a very eﬃcient
framework for dealing with diﬀeomorphisms. It is thus not surprising to see that
several groups have started using it. In the diﬀeomorphic demons, we chose to
use this parameterization to encode an adjustment that needs to be made to the
current transformation. In [Ashburner 07], the author proposed to use a complete
transformation parameterized by a speed vector ﬁeld.
The approach of [Ashburner 07] has several advantages as well as several drawbacks. First of all, it is argued in [Arsigny 06a] that the exponential is a smooth
one-to-one mapping between an open neighborhood of the zero speed vector ﬁeld
and an open neighborhood of the identity transformation. It is still not clear which
elements of the group of diﬀeomorphic transformations can be reached with the exponential, i.e., what is the size of the target open neighborhood. In our approach,
as we recursively compose the current transformation with a small exponential update, this may not be problematic. In the ﬁnite-dimensional case, for example,
even if all the elements of the Lie group cannot be directly reached through the
exponential, they can still all be reached through a composition of two exponentials
[Wüstner 03]. When using a single parameterization in the Lie algebra, it might
therefore be useful to investigate the image of the exponential map.
In the diﬀeomorphic demons, we chose to use a regularization through a Gaussian smoothing on the spatial transformation. This may, in theory, not always
be consistent with the diﬀeomorphic framework. It does however provide a very
eﬃcient regularization in terms of computation time. It is also familiar to many
people in the ﬁeld of biomedical image analysis. The most important beneﬁt we get
from it is, however, that it allows us to decouple the minimization problem into an
alternate scheme composed of very easy steps. In [Ashburner 07], the author chose
to introduce a regularization term on the speed vector ﬁeld that is used to parameterize the complete diﬀeomorphisms. While this is consistent with its use of the
exponential and allows him to propose an inverse consistent scheme, it is somewhat
diﬃcult to interpret the meaning of this regularization and, most importantly, it
introduces coupling in the minimization problem. Similarly, since the exponential
is not used around zero, we need to compute the derivative of the exponential far
from the identity. This introduces additional tight coupling. It is therefore necessary to solve a very large system of equations with a non-trivial sparsity pattern.
In our case, one optimization step requires a time of the order of a second, whereas
in [Ashburner 07] the author reports a computation time of around a minute.
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Conclusions

The adequacy of the ESM for linear image registration led us to revisit non-rigid
registration and especially Thirion’s demons algorithm. We showed that the demons
algorithm could be seen as an optimization procedure on the entire space of displacement ﬁelds. By using the ESM, the matrix inversion lemma and a local estimation
of the image noise, we improved our understanding of the demons algorithm. A
pertinent comparison between the diﬀerent variants of the demons was provided.
Our analysis predicted a theoretical advantage to the symmetric forces variant of
the demons algorithm which we conﬁrmed on the practical side.
The ﬁnal goal of understanding an algorithm is to improve it. One of the main
limitations of the demons algorithm is that it does not provide diﬀeomorphic transformations contrarily to the algorithms developed in [Beg 05, Marsland 04]. By
combining a recently developed Lie group framework on diﬀeomorphisms and the
optimization procedure for Lie groups we presented in Chapter 3, we showed that
the framework in which we cast the demons algorithm could be adapted to provide non-parametric diﬀeomorphic transformations. Our experiments have shown
that our algorithm provides, with respect to the additive demons algorithm, very
similar results in terms of MSE. This is however achieved with diﬀeomorphic transformations that are smoother and closer to the true transformations in terms of
Jacobians.
Thanks to the open-source implementation of our diﬀeomorphic demons we proposed in [Vercauteren 07c], our algorithm has been successfully tested by several
independent groups. In [Urschler 07], the authors reported that our algorithm outperformed several other non-rigid registration schemes. Our algorithm has also been
integrated into MedINRIA, the free medical image navigation and research tool of
Asclepios research group, INRIA Sophia Antipolis [Toussaint 07]. Thanks to this,
it is already used within the European project IST-2004-027749 Health-e-Child.
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Appendix
Derivation of (4.3)
The Sherman-Morrison formula, a.k.a. matrix inversion lemma, provides an explicit
formula for the inversion of a sum of an invertible matrix A and a dyadic product
of a column vector u and a row vector v:
(A + u.v)−1 = A−1 −

A−1 .u.v.A−1
.
1 + v.A−1 .u

Let J be a row vector. By applying the Sherman-Morrison formula we see that:


1
1
T
T
−1
T
−1
−1
−2
J .J
J .J = λ
I−
(λI + J .J) = λ I − λ
1 + λ−1 J.J T
λ + kJk2
and
λI + J T .J

−1

J T = λ−1

kJk2
1−
λ + kJk2

!

JT =

1
2

kJk + λ

JT .

Derivation of (4.4)
Let us look at the update displacement of a single pixel. To simplify the notations,
we consider an update vector u = u(p), an intensity diﬀerence δ = F (p) − M ◦ c(p)
and a Jacobian J = J p . With the local estimation of the image noise σi = |δ|, we
have:
u=

δ
JT ,
kJk + σx−2 .σi2

kuk =

2

σi . kJk
,
kJk2 + σx−2 .σi2

and since we have
kJk − σx−1 .σi

2

≥0

kJk2 + σx−2 .σi2 − 2.σx−1 .σi . kJk ≥ 0
2.σx−1 .σi . kJk ≤ kJk2 + σx−2 .σi2
we ﬁnd that
kuk ≤

σx
2
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Chapter 5. Robust Mosaicing for Fibered Confocal Microscopy

Motivation: Improving FOV and Resolution with
Image Registration

We have previously seen that ﬁbered confocal microscopy (FCM), and especially
Cellvizio, is a promising tool for in vivo histopathologic examination during an
endoscopy or a biological experiment. Since FCM is a contact imaging modality,
there is also an inevitable trade-oﬀ between resolution, ﬁeld-of-view and invasiveness. In some cases, the small ﬁeld-of-view limits the overall imaging possibilities
and orientation in vivo. Therefore, even if, as illustrated in Fig. 5.1, high-resolution
dynamic video sequences already provide interesting and important information,
physicians and biologists also call for a complete and accurate representation of the
entire region that has been imaged during a procedure.
To image and explore a region of interest, the confocal microprobe is often glided
along the soft tissue. In this chapter, we show that video mosaicing techniques can
help us move beyond the tradeoﬀs inherent to the design of the hardware by fusing
the information contained in the video sequence into one wide ﬁeld-of-view image.
Several possible applications are targeted. First of all, the rendering of wide-ﬁeld
micro-architectural information on a single image will help experts to interpret
the acquired data. This representation will also make quantitative and statistical
analysis more accurate and robust. Moreover, mosaicing for microscopic images is
a mean of ﬁlling the gap between microscopic and macroscopic scales. It allows
multi-modality and multi-scale information fusion for the positioning of the optical
microprobe.
The displacement of the optical microprobe across the tissue can be described by
a rigid motion. However, since FCM is a laser scanning device, an input frame does
not represent a single point in time. Each sampling point corresponds to a diﬀerent
time instant. This induces motion artifacts when the optical microprobe moves
with respect to the imaged tissue. Furthermore, the interaction of the contact optical microprobe with the soft tissue creates additional small non-rigid deformations.
Due to these non-linear deformations, motion artifacts and irregular sampling of
the input frames, classical video mosaicing techniques need to be adapted. Our
approach, which was ﬁrst presented in [Vercauteren 05, Vercauteren 06], uses the
knowledge we have about FCM and the image reconstruction and registration building blocks of the previous chapters to create a robust mosaicing pipeline speciﬁc
to laser-scanning devices. Our algorithm uses a hierarchical framework that is able
to recover a globally consistent alignment of the input frames, to compensate for
the motion-induced distortion of the input frames (simply called motion distortion
hereafter) and to capture the non-rigid deformations. The global positioning is
presented as an estimation problem on a Lie group [Vercauteren 05]. An eﬃcient
optimization scheme is proposed to solve this estimation problem. Because the
motion distortions are induced by the motion of the optical microprobe, we model
and use this relationship to recover the motion distortions. An eﬃcient scattered
data ﬁtting method is also proposed to reconstruct on a regular grid the irregu-

5.1. Motivation: Algorithmically Improving FOV & Resolution




(a) In vivo mouse colon after instillation of acriflavine (Courtesy of D.
Vignjevic, S. Robine, D. Louvard, Institut Curie, Paris, France).


(c) In vivo reflectance imaging of human mouth mucosa.


(e) Microcirculation of the peritubular capillaries of a live mouse kidney
with FITC-Dextran high MW.

(b) In vivo tumoral angiogenesis in
mouse with FITC-Dextran high MW
(Courtesy of A. Duconseille and O.
Clément, Descartes Image, Université
Paris V, Paris, France).


(d) Ex vivo Autofluorescence imaging in human lung (Courtesy of Dr.
P. Validire, Institut Mutualiste Monsouris, Paris, France).


(f ) Dendritic receptors in a live
Thy1-YFP mouse (Courtesy of I.
Charvet, P. Meda, CMU, Geneva,
Switzerland and L. Stoppini, Biocell
Interface, Geneva, Switzerland).

Figure 5.1: Diﬀerent types of images acquired with the Cellvizio.
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larly sampled images that arise from the inputs and from the mosaic construction
process. This reconstruction method is also used when we recover the non-rigid
deformations with an adapted demons algorithm. The mosaicing algorithm we
propose can generate still images that are comparable to standard histopathologic
studies [Becker 07, Meining 07b]. This work also features an important quantitative
validation of our mosaicing framework by using rigorous controlled experiments.
The remainder of the chapter is organized as follows. The main steps of our
algorithm are described in Section 5.2. Section 5.3 provides a set of basic tools
for Lie groups that will be used in Section 5.4 to get a set of globally consistent transformations from pairwise registration results. The motion distortions and
non-rigid deformations compensation algorithms are presented in Section 5.5. An
eﬃcient scattered data ﬁtting method is proposed in Section 5.6 to reconstruct the
irregularly sampled images that arise from FCM and from the mosaic construction
process. A controlled evaluation of our method and results on sequences acquired
in vivo on both human and mouse tissue are presented in Section 5.7. Finally,
Section 5.8 concludes the chapter.
Note that this chapter is, almost in extenso, the work we previously published in
[Vercauteren 06]. There might therefore be some repeated information with respect
to the previous chapters. But as redundancy oﬀers opportunities to discern patterns
in a variety of ways, this might help better understand the main ideas of this thesis.

5.2

Problem Statement and Overview of the Algorithm

The goal of many existing mosaicing algorithms is to estimate the reference-to-frame
mappings and use these estimates to construct the mosaic [Irani 95]. Small residual
misregistrations are then of little importance because the mosaic is reconstructed by
segmenting the ﬁeld into disjoint regions that use a single source image for the reconstruction [Davis 98, Levin 04, Peleg 00]. Even if these reconstruction techniques
can ignore small local registration errors, a globally consistent alignment framework
is needed to avoid large accumulated registration errors as shown in Fig. 5.2.
Since our input frames are rather noisy, we would like to use all the avail-
















Figure 5.2: Accumulated registration errors result in global misalignment. What
should be an ellipse, appears like an open curve due to these errors.
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able information to recover an approximation of the true underlying scene. We
will therefore estimate the frame-to-reference transformations (instead of the usual
reference-to-frame) and consider all the input sampling points as shifted sampling
points of the mosaic. This has several advantages for our problem. First of all,
this is adapted to irregularly sampled input frames because we will always use the
original sampling points and never interpolate the input data. This approach is
also more consistent with a model of noise appearing on the observed frames rather
than on the underlying truth. Finally, in this framework, it will be possible to get a
mosaic at a higher resolution than the input frames. The challenge is that we need
an accurate estimate of the unknown transformations.

5.2.1

Observation Model

  






 
 





Figure 5.3: Overview of the global reference-to-frame transformations and the local
frame-to-frame transformations.

Each frame of the input sequence is modeled as a noisy and deformed partial
view of a ground truth 2D scene (the mosaic we want to recover). Let I be the
unknown underlying truth and In be the observed frames. Each observed sampling point p in the coordinate system Ωn associated with the nth input frame can
be mapped to a point in the reference coordinate system Ω by the nth frame-toreference mapping fn . Each observed sampled value In (p) can then be seen as a
noisy observation of the ground truth signal I(fn (p)):
In (p) = I(fn (p)) + εn (p),

∀p ∈ Ωn ,

(5.1)

where εn (p) is a noise term. Note that according to this observation model, we need
to recover the frame-to-reference mappings as opposed to many existing mosaicing
algorithms that estimate the reference-to-frame mappings.
We have speciﬁcally designed our transformation model for ﬁbered confocal
microscopy. The displacement of the optical microprobe across the tissue can be
described by a rigid shift denoted by rn . Since FCM is a laser scanning device, this
motion of the optical microprobe with respect to the imaged tissue induces some
motion artifacts. These distortions can be modeled by a linear transformation vn
that will be described in more details in Section 5.5. Finally, due to the interaction
of the contact optical microprobe with the soft tissue, a small non-rigid deformation
bn appears. The frame-to-reference mapping are thus modeled by:
fn (p) = bn ◦ rn ◦ vn (p).

(5.2)
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Figure 5.4: A schematic representation of the three-steps composing the global
reference-to-frame transformations.

5.2.2

Overview of the Algorithm

As depicted in Fig. 5.4, our complete model of the frame-to-reference transformations is quite complex. A typical approach for dealing with the estimation of such
complex models is to have a hierarchical, coarse-to-ﬁne, approach. We will therefore
focus on developing a method that iteratively reﬁnes the model while always keeping the global consistency of the estimated frame-to-reference transformations. The
frame-to-reference mappings are composed of a motion-related distortion, a large
rigid mapping and a small non-rigid deformation due to the soft tissue deformation.
We start by assuming that the motion distortions as well as the non-rigid tissue
deformations can be ignored. By making the reasonable assumption that consecutive frames are overlapping, an initial estimate of the global rigid mappings can
be obtained by using a rigid registration technique to estimate the motion between
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Figure 5.5: Block diagram of the mosaicing algorithm.
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the consecutive frames. Global alignment is then obtained by composing the local
motions. This initial estimate suﬀers from the well-known accumulation of error
problem illustrated in Fig. 5.2.
The ﬁrst loop of our algorithm (steps 1,2 and 3 in Fig. 5.5) alternates between
three steps. The ﬁrst step assumes that the motion distortions have been correctly
estimated and registers pairs of distortion compensated frames under a rigid body
transformation assumption. The second step uses these local pairwise registration
results to make a globally consistent estimation of the rigid mappings rn . The third
step uses the relationship between the motion and the motion distortions to provide
an updated and consistent set of rigid mappings and motion compensations.
Once a globally consistent set of transformations is found, the algorithm constructs a point cloud by mapping all observed sampling points onto a common reference coordinate system. An eﬃcient scattered data ﬁtting technique is then used
on this point cloud to construct an initial mosaic. The residual non-rigid deformations are ﬁnally taken into account by iteratively registering an input frame to the
mosaic and updating the mosaic based on the new estimate of the frame-to-mosaic
mapping.
In step 2 of our algorithm, we use all available pairwise rigid registration results
to estimate a set of globally consistent transformations. A sound choice is to consider a least-square approach. However, the space of rigid body transformations is
not a vector space but rather a Lie group that can be considered as a Riemannian
manifold. Classical notions using distances are therefore not trivial to generalize.
In what follows, we provide a basic toolbox for estimation problems on Lie groups.

5.3

Basic Tools for Estimation Problems on Lie Groups

Many sets of primitives used in image processing and computer vision can be considered as real Lie Groups or as quotients of real Lie groups (e.g. 2D rigid body
transformations, tensors [Fletcher 04a, Pennec 06c], quaternions, upper triangular
matrices, M-reps [Fletcher 04b], vector spaces etc.). Most of them are not vector
spaces and paradoxes such as Bertrand’s paradox [Papoulis 02] appear when one
considers a Lie Group as a vector space within an estimation problem.
The goal of this section is to provide a basic toolbox for estimation problems on
real Lie groups. This synthesis uses classical tools from diﬀerential geometry and
focuses on Lie groups to simplify the results and notations. We refer the reader
to the standard textbooks for a detailed treatment of diﬀerential geometry (see
e.g. [do Carmo 92]) and Lie groups (see e.g. [Helgason 01]. By using diﬀerential
geometry, we will be able to generalize many algorithms designed for the usual
vector space case.
A Lie group G is a smooth manifold together with a smooth composition map
(usually denoted as multiplication) and a smooth inverse map, that satisfy the group
axioms: closure, associativity, existence of a neutral element (denoted hereafter
as Id) and existence of an inverse. Two important mappings for us are the left-
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compositions and right-compositions by an element m:
Lm :

x ∈ G 7→ Lm (x) = m ◦ x ∈ G

Rm :

x ∈ G 7→ Rm (x) = x ◦ m ∈ G.

They are diﬀeomorphisms by deﬁnition. Thus, they naturally induce the following
diﬀerential maps (in a particular local coordinate system or chart) :
DLm (x) :
DRm (x) :

u ∈ Tx G 7→ DLm (x) · u =
u ∈ Tx G 7→ DRm (x) · u =

∂m ◦ y
∂y

y=x

∂y ◦ m
∂y

y=x

·u

∈ Tm◦x G

·u

∈ Tx◦m G,

which allow us to map the space Tx G of tangent vectors to G at x to its counterpart
Tm◦x G or Tx◦m G. Similarly, we get for the inversion:
Inv :
DInv(x) :

5.3.1

x ∈ G 7→ Inv(x) = x−1 ∈ G
u ∈ Tx G 7→ DInv(x) · u =

∂y −1
∂y

·u

∈ Tx−1 G.

y=x

Left Invariant Metric and Distance

Because many estimation problem involve a measure of discrepancy between two
elements, it is natural to look for a deﬁnition of a distance between two elements
of a Lie group. This can be done by providing the Lie group with a Riemannian
metric which is a continuous collection of dot products on the tangent space Tx (G)
at x: hv | wix = v T .G(x).w. Because of the smoothness of the Lie Group, we can
smoothly translate a dot product at the Id-tangent space to any other tangent space
by left or right composition thanks to the diﬀerential maps above. In the remainder
of this chapter, we focus on left invariant metrics. Thanks to the left-composition
diﬀerential map DLx , they can be represented by the matrix ﬁeld,
G(x) = DLx (Id)−T .G(Id).DLx (Id)−1 .

(5.3)

The Riemannian metric provides the intrinsic way of measuring the length of any
smooth curve on the Lie group. The distance between two points of a Lie Group
is then the minimum length among the curves joining these points. The curves
realizing this minimum for any two points of the manifold are called geodesics.
The calculus of variation shows that the geodesics follow a second order diﬀerential
system depending on the Riemannian metric. Therefore, we know that there exists
one and only one geodesic γ(x,u) (·) deﬁned for all times (thanks to the left-invariance,
see e.g. [do Carmo 92]), going through x at time t = 0 and having u as a tangent
vector.
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Riemannian Exponential and Logarithm Maps

A key notion of diﬀerential geometry is the Riemannian exponential map. Let
us consider a given point x of the Lie group, a vector u in the corresponding
tangent space and the uniquely associated geodesic γ(x,u) . The exponential map is
the function that maps u to the point γ(x,u) (1) reached after a unit time by the
geodesic:

Tx (G) → G
expx :
u 7→ expx (u) = γ(x,u) (1).
This function realizes a local diﬀeomorphism from a neighborhood of 0 to a neighborhood of x by developing the tangent space along the geodesics. Within this
neighborhood, the inverse of the exponential map exists and is called the log map
logx (·):
expx u = y

⇔

u = logx y.

In the context of Lie groups, the exponential map notion is somewhat ambiguous
as one can use the Lie group exponential (as we did in the previous chapters) or the
Riemannian manifold one. Both deﬁnitions agree if and only if the Lie group admits
a left-and-right-invariant Riemannian metric (such as for compact Lie groups) used
to deﬁne the geodesics. Unfortunately, for the group of rigid body transformations,
it can be shown that no bi-invariant metric exists [Arsigny 06b]. In the context of
estimation problems, we are mainly interested in distance measurements and we
will therefore stick to the Riemannian exponential in this chapter. Note that the
notion of exponential we use in this chapter is thus different from the one used in
the previous ones.
x

u = logx(y)
γx, u

y = expx( u)

Figure 5.6: Riemannian exponential and log maps on a unit sphere.

When a left-invariant metric is used, the exponential and log maps at any point
of a Lie group can be related through left composition to their counterpart at the
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identity with the following equations:
logx (y) = DLx (Id) logId (x−1 ◦ y)
−1

expx (u) = x ◦ expId (DLx (Id)

u).

With the log map, the (geodesic) distance between two points is given by:

dist (x, y) = dist Id, x−1 ◦ y = logId (x−1 ◦ y)
= hlogId (x−1 ◦ y) | logId (x−1 ◦ y)i1/2 .

(5.4)
(5.5)

(5.6)

As shown above, we see that even if we mainly use the Lie group as a Riemannian
manifold, its additional structure is of great practical interest because it allows us
to map every tangent space to the one at the identity. We therefore only need to
have computational tools for one tangent space, the tangent space at the identity.

5.3.3

Mean and Covariance Matrix

Lie groups are usually not vector spaces, and the notion of expectation cannot
readily be extended to it. However, for any metric space, probabilistic spaces,
random elements and probability density functions can be deﬁned [Papoulis 02].
Expectations and other usual tools are then deﬁned for random variables, which
are real-valued functions of the probabilistic events, but not directly for random
elements of the group [Pennec 98]. However, by changing the deﬁnition of the
expectation and using the Riemannian geometry tools presented in Section 5.3.2, it
turns out that a consistent statistical framework (including the mean, the covariance
and the Mahalanobis distance) can be deﬁned [Pennec 06a].
In a vector space, the mean can be seen as the element that minimizes the
expected distance to a random vector. This point of view allows us to generalize
the mean for Lie groups. Let x be a random element and let
h
i
σx2 (y) = E dist (y, x)2
be its variance at the (ﬁxed) element y. Note that this is well deﬁned because
dist (y, ·) is a real-valued function.
Let x be a random element of a Lie group G. If the variance σx2 (y) is ﬁnite for
one element y ∈ G, thanks to the triangular inequality, it is ﬁnite for all elements
y ∈ G and every element minimizing the variance is called a Fréchet mean element.
The set of Fréchet mean elements is thus given by
 h
i
Fx = arg min E dist (y, x)2 .
(5.7)
y∈G

It can be shown that under suitable conditions (that are assumed to be fulﬁlled
here), there exists one and only one Fréchet mean which we denote as E[x].
In [Pennec 06a], an algorithm is provided to compute the (empirical) Fréchet
mean of a weighted set of samples or the Fréchet mean of a known distribution (the
expectations hereunder are used both for empirical and true distributions).

5.4. From Local to Global Alignment
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Algorithm 9 (Fréchet Mean Computation)
• Let x̂ be an initial estimate of x̄, e.g. any value of the set of samples in the
discrete case
h
i
• Iterate until some convergence criterion is met, e.g. E dist (x̂new , x̂old )2 < ǫ:
– x̂ ← expx̂ (E [logx̂ (x)]) = x̂ ◦ expId (E[logId (x̂−1 ◦ x)])

This algorithm can either be seen as an approximate Newton’s method with unitary
step length that is used to minimize the variance or as a ﬁxed-point iteration.
Fréchet means are indeed ﬁxed-points of m 7→ expm (E [logm (x)]).
To deﬁne higher moments of a distribution, on a Lie group, the exponential map
at the mean point is used. The random feature is thus represented as a random
vector with zero mean in a star-shaped domain. With this representation, the
covariance matrix can be deﬁned by:
h
i
T
Σxx = E logE[x] (x). logE[x] (x)
h
(5.8)

T i
= DLm (E[x]). E logId E[x]−1 ◦ x . logId E[x]−1 ◦ x
.DLm (E[x])T .

Last but not least, the Mahalanobis distance, which plays a key role to get
a robust estimation of the global positioning, can be deﬁned. The Mahalanobis
distance is a classical tool to deﬁne a statistical distance in a sample space with
known covariance matrix. Its deﬁnition can easily be extended to Lie groups by
using the previous deﬁnition of the covariance matrix. The Mahalanobis distance
of a point y to a random feature with Fréchet mean E[x] and covariance matrix Σxx
is given by
µ2x (y) = logE[x] (y)T Σ−1
(5.9)
xx logE[x] (y).

5.4

From Local to Global Alignment

Now that all the necessary tools have been presented in Section 5.3, we will show
how the problem of global positioning can be cast to an estimation problems on a
Lie group. The ﬁrst step of our algorithm is to ﬁnd a globally consistent set of transformations to map the input frames to a common coordinate system. When the
input frames arise from a single gliding of the ﬂexible microprobe along a straight
line, it may be possible to generate decent alignments by computing only pairwise
registrations between the consecutive frames. However, in the general case, all spatial neighbors frames might not be temporal neighbors, and accumulated errors can
lead to a poor global alignment as shown in Fig. 5.2. Methods for producing globally consistent alignments are therefore needed. The automatic multi-image alignment algorithms developed so far broadly falls into two categories: feature based
[Brown 03, Can 04] and local to global methods [Davis 98, Sawhney 98]. Featurebased methods obviously rely on features extraction from the input frames. To
get meaningful extracted information, the chosen features are often tailored to the
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types of images we use, see e.g. [Chui 03], and have been developed for classical
uniformly sampled images. We want an algorithm that is able to cope with nonuniformly sampled inputs (possibly very noisy) arising from many diﬀerent types
of tissue, as shown in Fig. 5.1. We therefore chose to develop a method using local
pairwise alignments to generate consistent global mappings.

5.4.1

Framework for Global Positioning

Given two input frames, we need to estimate the (pairwise) frame-to-frame transformation. At this step of the algorithm, we assume that the non-rigid tissue deformations can be ignored and that the motion distortions have been correctly estimated.
With these assumptions, we need to perform rigid registrations of distortion corrected input frames. For that purpose, we use a classical registration framework
based on a similarity criterion optimization but any other technique (e.g. block
matching framework [Ourselin 00], Mellin transform [Davis 98] etc.) can be used.
(obs)
Let rj,i be the pairwise rigid registration result between the distortion corrected
input frames i and j. This result is considered as a noisy observation of rj−1 ◦ ri .
Based on the set of all available observations, our algorithm looks for a globally consistent estimate of the global parameters [r1 , . . . , rN ]. This problem is addressed
in [Davis 98] where a least squares solution on spatial transformation matrices is
given when linear transformations are considered. This technique cannot readily
be adapted to rigid body transformations. In [Sawhney 98], the authors propose a
more general approach. Some chosen corner points are transformed through ri and
(obs)
rj ◦ rj,i . The squared distance between the transformed points added to a regularization term is then minimized. These techniques are sensitive to outliers, and
are either tailored to a speciﬁc type of transformation or need a somewhat ad hoc
choice of points. In this work, we chose to rely on the tools presented in Section 5.3
to provide consistent and robust estimates of the global rigid body transformations.
Practical instantiations of the generic tools presented in Section 5.3 are given, for
2D rigid body transformations, in the appendix page 110.
The computational cost of registering all input frames pairs is prohibitive and
not all pairs of input frames are overlapping. It is therefore necessary to choose
which pairs could provide informative registration results. For that purpose, we
chose the topology reﬁnement approach proposed in [Sawhney 98]. An initial guess
of the global parameters [r1 , . . . , rN ] is obtained by registering the consecutive
frames, the algorithm then iteratively chooses a next pair of input frames to register
(obs)
(thus providing a new observation rj,i ) and updates the global parameters estimation. As we only consider the pairwise registration results as noisy observations,
we need many of them. To minimize the computational cost of those numerous registrations, we use a multi-resolution registration technique using a Gaussian image
pyramid that stops at a coarse level of the optimization.
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Let e be a random error whose Fréchet mean is the identity and whose covariance
matrix is Σee . The observation model is given by
(obs)

rj,i

(obs)

= rj−1 ◦ ri ◦ ej,i ,

(5.10)

(obs)

where ej,i is a realization of the random error e.
Given the set of all available pairwise rigid registration results Θ, we need to
estimate the true transformations. A natural choice is to minimize the statistical
(obs)
distance, i.e., Mahalanobis distance, between the observations rj,i and the transformations rj−1 ◦ ri predicted by our model. Our global criterion is thus given by:
1 X 2 (obs)
µe (ej,i ).
[r1 ,...,rN ] 2

∗
[r1∗ , . . . , rN
] = arg min

(5.11)

(i,j)∈Θ

It can be seen that this criterion is insensitive to a composition of all transformations
with a ﬁxed arbitrary transformation. We can therefore choose any transformation
in [r1 , . . . , rN ] to be the identity transformation Id. Without loss of generality we
can look for any minimizer in (5.11) and then compose all estimates with a common
rigid body transformation so that we get for example r⌈ N ⌉ = Id. The covariance
2
matrix used for the Mahalanobis metric depends on the application. We typically
start with a diagonal matrix that weights the angles with respect to the translation.
This matrix can further be estimated from the data as explained in Section 5.4.3.
According to (5.9), each term of the sum in (5.11) is given by
(obs)

(obs)

(obs)

µ2e (ej,i ) = logId (ej,i )T Σ−1
ee logId (ej,i )

 

(obs) T
(obs)
= See . logId (ri−1 ◦ rj ◦ rj,i ) . See . logId (ri−1 ◦ rj ◦ rj,i ) ,

where See is a matrix square root (e.g. Cholesky factorization) of Σ−1
ee . We see that
we need to solve the non-linear least squares problem:
1
kφ(r1 , . . . , rN )k2 ,
[r1 ,...,rN ] 2

∗
[r1∗ , . . . , rN
] = arg min

n
o
(obs)
−1
where φ(r1 , . . . , rN ) = Vect
See . logId (ri ◦ rj ◦ rj,i )

(i,j)∈Θ


. Note that this

criterion is indeed non-linear because of the composition involved in the computa(obs)
tion of ej,i .

5.4.3

Riemannian Method for Non-linear Least Squares

We have seen in Chapter 3, some well-posed methods for non-linear least-squares
problems on Lie groups. The main idea in this setting was to use the Lie group
exponential to make a series of intrinsic update steps towards the optimum. Obviously these techniques can readily be applied for the optimization of 5.11. It
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might however be somewhat puzzling to the reader to see that our criterion uses
the Riemannian exponential whereas our optimization routine uses the Lie group
exponential (we recall that these two notion are diﬀerent in the context of 2D rigidbody transformations). The goal of this section is thus to rephrase the optimization
routine from a Riemannian point of view, i.e. using the Riemannian exponential.
In the Riemannian framework, the straightest paths are given by the geodesics.
The idea is thus to walk towards an optimum by a series of steps taken along a
geodesic of the manifold rather than walking in the tangent vector space. Thanks
to the Riemannian exponential map, we have a canonical way to follow a geodesic
starting from a given point and having a given initial tangent vector. It is thus
possible to combine the power of intrinsic geodesic walking and the ease of use of
classical optimization routines in a natural way.
The Gauss-Newton method forms the basis for the eﬃcient methods that have
been developed for non-linear least squares optimization. We now show how it can
be used in the Riemannian setting. Let x be an element of a Lie group G and let
2
1
2 kφ(x)k be the function we want to minimize. The Gauss-Newton method is based
on a linear approximation of φ(.) in a neighborhood of the current estimate. We
denote by φx (.) = φ(expx (.)) the expression of φ(.) in a normal coordinate system
at x. Its Taylor expansion around the origin of this chart is given by:
φx (v) = φx (0) + Jφ (x).v + O(kvk2 ),
where Jφ (x) =
approximation:

∂φ(y)
∂y y=x .

By keeping only the linear part we get the following

1
1
1
kφx (v)k2 ≃ kφ(x)k2 + v T .Jφ (x)T .φ(x) + v T .Jφ (x)T .Jφ (x).v.
2
2
2
The Gauss-Newton step minimizes this approximation:


1 T
T
T
T
v gn = arg min v .Jφ (x) .φ(x) + v .Jφ (x) .Jφ (x).v .
v
2
It is well known that if Jφ (x) has full rank, this has a unique minimizer which is
the solution of Jφ (x)T .Jφ (x).v = −Jφ (x)T .φ(x).
Our optimization routine now follows the geodesic starting from the current
estimate x(old) and whose tangent vector is v gn . We thus get the following update
equation:
(Id).v gn ),
x(new) = expx(old) (λv gn ) = x(old) ◦ expId (λDL−1
x(old)

(5.12)

The classical Gauss-Newton routine uses λ = 1 at all steps, but a line search could
also be used.
We have shown how to adapt the Gauss-Newton procedure for a non-linear
least squares problem on a Lie group. A very similar approach would also provide extensions of other classical non-linear least squares optimizers (such as the
Levenberg-Marquardt method or Powell’s dog leg method) for Lie groups.
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This method is applied to solve (5.11), where the Lie group we use is the Cartesian product of N rigid body transformation groups. The Jacobian Jφ ([r1 , . . . , rN ])
can easily be computed by seeing that:
(obs)

∂ logId (ri−1 ◦ rj ◦ rj,i

)

∂ri
(obs)

∂ logId (ri−1 ◦ rj ◦ rj,i
∂rj
where DInv(r) =

)

= DRr

(obs)
j ◦rj,i

(ri−1 ).DInv(ri )

= DRr(obs) (ri−1 ◦ rj ).DLr−1 (rj ),
j,i

i

∂s−1
∂s s=r .

Within this general framework, several improvements can easily be added. To
perform the rigid registration between the distortion corrected input frames, we
chose to optimize the squared correlation coeﬃcient. It is then straightforward to
weight the terms of the cost function (5.11) by this conﬁdence measure. A well
known problem of pure least squares approach is the sensitivity of the solution to
outliers in the observations. Many solutions have been proposed to address the
presence of outliers [Rousseeuw 87]. The most common ones rely on using only a
subset of the observations (e.g. least trimmed squares, reweighted least squares) or
on a minimization of the sum of a function of the residuals (e.g. M-estimators).
To be able to use the eﬃcient least-squares optimizer presented above, the easiest
is to use the ﬁrst approach or to solve the M-estimator problem using iteratively
reweighted least squares.
In our particular setting we chose the simple reweighted least squares approach:
1 X
(obs)
wj,i .ρj,i .µ2e (ej,i )
[r1 ,...,rN ] 2

∗
[r1∗ , . . . , rN
] = arg min

(i,j)∈Θ

wj,i =



1 if µ2e (.) ≤ γ
,
0 otherwise

where ρj,i is the correlation coeﬃcient between the registered distortion corrected
frames i and j, and γ is the 95% quantile of the χ2 distribution with 3 degrees
of freedom. If enough observations are available, our procedure also includes an
estimation of the covariance matrix Σee .

5.5

Compensating for the Frame Distortions

An interesting point of scanning imaging devices is that the output image is not a
representation of a given instant, but a juxtaposition of points acquired at diﬀerent
times [Savoire 04]. Consequently, if the ﬂexible microprobe moves with respect to
the imaged tissue, what we observe is not a frozen picture of the tissue, but a skewed
image of it. Each scan line indeed relates to a diﬀerent instant, and the ﬂexible
microprobe moved between each scan line.
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5.5.1

Influence of Relative Motion

The scanning of the laser can be decomposed into a fast horizontal sinusoidal component and a slow linear uniform vertical component. Horizontally, the imaging is
done only on the central part of the trajectory, where the spot velocity is maximal
and nearly constant. Since in this part, the spot horizontal velocity Vx (> 5 m/s) is
several orders of magnitude higher than the spot vertical velocity Vy (∼ 2 mm/s),
we assume that the horizontal spot velocity is inﬁnite.

x

Displacement vector
t0
θ α

Distorted
image

t0 + T
t0 + 2T
t0 + 3T
t0 + 4T

Moving segment

Scan
lines

t0 + 7T

y
Figure 5.7: Imaging of a moving vertical segment by a scanning laser. The segment
has a translation movement from the upper left corner to the lower right corner of
the image. The segment is ﬁrst intersected by a scan line at instant t0 (black disks
represent imaged points). The following scan lines image the segment at diﬀerent
positions (dotted segments). The resulting shape is the slanting segment of angle α.

Let us consider a standard 2D+t volume, without scanning each acquired frame
would correspond to a single time instant t0 and thus to a 2D horizontal slice of
the volume. With scanning a point of ordinate y corresponds to the time t0 + Vyy .
The process of image formation therefore comes down to imaging an oblique plane
of the volume. Figure 5.7 presents what will be observed when imaging a vertical
segment moving with respect to the ﬂexible microprobe.

5.5.2

Motion Distortions Model

Without any further assumption, these motion distortions can have a very general
form. This can for example be seen in some famous photographs by Henri Lartigue
or Robert Doisneau shot with a slit-scan camera. In our particular case, the main
relative motion is due to the gliding of the ﬂexible microprobe along the tissue and
some residual movements can be produced by the deformation of the soft tissue.
We again use a hierarchical approach and ignore the eﬀect of the tissue deformation. We thus face the problem of recovering the gliding motion of the ﬂexible
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microprobe. This motion will typically be smooth and will mainly be composed of
a translation part because of an important torsion resistance of the ﬂexible microprobe. Note that even if consecutive frames can only be slightly rotated, more time
distant frames can have a large rotational diﬀerence. To be able to robustly recover
the gliding motion, we need to further constrain it. We will therefore assume that
during the time period Tscan taken by the laser to scan a complete input frame,
the ﬂexible microprobe is only animated with a translational motion with constant
velocity vector η̃ = [η̃ x , η̃ y ].

   

  

   





 

 
 




  

 

 









  



Figure 5.8: Schema of the motion distortion for a constant translational velocity.

Let p = [x, y] be a point in the coordinate system related to the input frame. As
shown in Section 5.5.1, each laser scan line, indexed by the ordinate y of a point,
corresponds to a diﬀerent time instant t(y) = t(0) + Vyy , where we recall that Vy
is the vertical velocity of the laser scanning process. The point p will therefore
be shifted by (t(y) − t(0)) .η̃ = Vyy η̃ with respect to the center of the coordinate
system. To simplify the notations, we will from now on use the normalized velocity
η = V1y η̃. We now have a way to map a point p of an input frame to a point pd
in the corresponding distortion compensated frame by using the following linear
transformation:


1
ηx
pd =
p = M (η).p.
(5.13)
0 1 + ηy
This is the explicit expression for the motion distortion transformations, i.e., vk (p) =
M (ηk ).p for a given frame k.
From this distortion model, we can derive the transformation model mapping
an input frame k to another frame j. With the assumptions that the non-rigid
deformations can be ignored, we have fj = rj ◦ vj , fk = rk ◦ vk and fj,k = fj−1 ◦ fk ,
where we recall that fn denotes a global frame-to-reference mapping. This implies
that:
fj,k = vj−1 ◦ rj−1 ◦ rk ◦ vk = vj−1 ◦ rj,k ◦ vk .
(5.14)
In the local-to-global positioning scheme presented in Section 5.4, we mentioned
that we needed to perform rigid registrations of distortion compensated frames. By
using (5.14), we see that these registrations can be performed without the need to
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explicitly create the motion compensated frames. We simply look for the best rigid
body transformation rj,k while keeping vk and vj ﬁxed.

5.5.3

Velocity Computation

In order to recover the motion distortions, one could try to register the frames using
the complete transformation model (5.14). However, this would imply to ignore the
relationship between positions and velocity and would thus not be robust. We
therefore chose to compute the velocities using the displacements information only.
Using ﬁnite diﬀerence equations, we can relate the global positioning and the
velocity η. Since our motion model ignores the rotational velocity, we can focus on
the displacement of the center of the ﬂexible microprobe. Let r = [θ, τ ] be the rigid
mapping between two consecutive distortion compensated input frames. The center
[0, 0] of the ﬁrst distortion compensated frame is mapped through r to the point τ
in the second motion distortion compensated frame. The displacement of the center
of the ﬂexible microprobe during the corresponding inter-frame time period Tf rame
is thus given by τ . By using a forward diﬀerence equation to relate the speed vector
and the displacement vector, we get:
η=

1
1
.
.τ.
Vy Tf rame

(5.15)

Now let us assume that, with the current estimates of the rigid mapping r(old)
and velocity η (old) , the two consecutive input frames are correctly aligned. By
using (5.14), we see that the center [0, 0] of the ﬁrst (uncompensated) input frame
−1 (old)
is mapped to the point q = M η (old)
.τ
in the (uncompensated) second input
(new)
(new)
frame. Let r
and η
be the updated rigid mapping and velocity. To keep a
correct alignment, the center of the ﬁrst (uncompensated) input frame should still
be mapped to the point q in the (uncompensated) second input frame. We therefore
need to have:




M η (new)

−1

.τ (new) = M η (old)

−1

.τ (old) .

On the other hand, according to (5.15), we should have
η (new) =

1
1
.
.τ (new) .
Vy Tf rame

This system is solved to get updated estimations. A similar procedure is used with
the backward diﬀerence equation and the diﬀerent estimations are averaged to get
the ﬁnal update.
As shown in Fig. 5.5, our algorithm iterates between a global positioning scheme
during which the velocities are assumed to be correctly estimated and the motion
distortion compensation routine. The ﬁnal step should be a global positioning one
because a typical user will be sensitive to some slight misalignment but not to a
slight inconsistency in the motion distortion.

5.6. Efficient Scattered Data Approximation

5.5.4
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Soft Tissue Deformations

Once a globally consistent, motion compensated, mosaic has been constructed, a
reﬁned multi-image registration can be performed by iteratively registering each
input frame to the mosaic and updating the mosaic. The mosaicing problem can
be written as an optimization problem over the unknown underlying image I and
the unknown transformations [f1 , . . . , fN ] of the following multi-image criterion,
P
S(f1 , . . . , fN , I) = N
n=1 S(In , I ◦ fn ), where S(Ia , Ib ) is a usual pairwise similarity criterion between the two images Ia and Ib . With this framework our mosaic
reﬁnement procedure can be seen as an alternate optimization scheme.
We again use a hierarchical approach and divide the ﬁne frame-to-mosaic registrations into two loops of increasing model complexity. First we reﬁne the global
linear mappings. Then, to compensate for the small non-rigid deformations, we
have adapted the demons algorithm [Thirion 98] to our special case of irregularly
sampled input frames. The general demons scheme is modiﬁed as follows:
• A ﬁne reference grid is used to make a sparse grid Γ from the scattered point
set representing the centers of the ﬁbers composing the ﬂexible microprobe.
All pixels of Γ are selected in the input frame k to be demons.
• The non-rigid deformations bk is modeled by a list of elementary displacements
(one per ﬁber or demon).
• To get a regular displacement field, the sparse displacement ﬁeld is smoothed
at each iteration by using the scattered data approximation method that will
be presented in Section 5.6 (with a large smoothing factor).
• The optical ﬂow is computed for all demons. Its computation requires the
gradient of the reference image which in our case is a non-uniformly sampled
input frame. To get an approximation of this gradient, we reconstruct the
non-uniformly sampled input frame on a regular grid using the scattered data
approximation method that will be presented in Section 5.6. We then use the
gradient of this reconstruction.
We mainly used this scheme because of its eﬃciency and its adaptation to our
particular data, but other schemes could also be used. The residual deformation
ﬁelds [b1 , . . . , bN ] could be modeled by using B-splines tensor products on a predeﬁned grid such as in [Rueckert 99]. The framework can also easily be extended
to use any other non-rigid registration methods using landmarks-based schemes or
more accurate deformation models such as in [Cachier 03].

5.6

Efficient Scattered Data Approximation

The iterative mosaic reﬁnement scheme presented in Section 5.5.4 requires a new
mosaic construction at each iteration. Furthermore, the adapted demons algorithm
needs a method for smoothing deformation ﬁelds that are deﬁned on a sparse grid,
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together with a method being able to construct a regularly sampled image from an
irregularly sampled input.
These goals can be achieved with a single method for scattered data approximation provided that it allows us to control the degree of smoothness of the reconstruction. Since we want to register the input frames with the mosaic, controlling
the smoothness of the reconstruction is also important. We indeed need a mosaic
that is smooth enough for the registration process not to be trapped in a local
minimum but detailed enough for the registration result to be accurate.
As appears above, the scattered data approximation method will be used many
times. It is therefore necessary to use a very eﬃcient algorithm.
The usual algorithms for scattered data interpolation or approximation, such as
triangulation based methods, Kriging methods, radial basis functions interpolations,
B-Spline approximations or moving least squares methods (see e.g. [Amidror 02,
Lee 97, Lodha 99] and references therein) do not simultaneously meet the requirements of eﬃciency, and control over the smoothness of the approximation. In the
next section, we develop a main contribution which is an eﬃcient scattered data
ﬁtting algorithm that allows a control over the smoothness of the reconstruction.

5.6.1

Discrete Shepard’s Like Method

Let {(pk , ik ) ∈ Ω × R} be the set of sampling points and their associated signal.
Our goal is to get an approximation of the underlying function on a regular grid Γ
deﬁned in Ω. The main idea is to use a method close to Shepard’s interpolation.
The value associated with a point in Γ is a weighted average of the nearby sampled
values,
X
X hk (p)
ˆ =
P
ik .
(5.16)
I(p)
wk (p)ik =
l hl (p)
k

k

The usual choice is to take weights that are the inverse of the distance, hk (p) =
dist(p, pk )−1 . In such a case we get a true interpolation [Amidror 02]. An approximation is obtained if a bounded weighting function hk (p) is chosen. We choose a
Gaussian weight hk (p) = G(p − pk ) ∝ exp(−||p − pk ||2 /2σa2 ) and (5.16) can thus be
rewritten as
P
P
i
G(p
−
p
)
i δ ](p)
[G
⋆
k
k
k
ˆ = P
Pk k pk
,
(5.17)
I(p)
=
[G
⋆
G(p
−
p
)
k
k δpk ](p)
k

where δpk is a Dirac distribution centered at pk .
Finding the sampling points that are close enough to a given point is a time
consuming task. Moreover, the positions of the sampling points are only known up
to a certain accuracy and the resolution of the reconstruction is always limited by
the spacing of the chosen grid Γ. Our method will therefore convert the point cloud
to a list of pixels in the reconstruction grid Γ by using a nearest neighbor rule. This
mapping is the key to the very eﬃcient method presented here.
Algorithm 10 (Discrete Shepard’s like method)
• Let {(pk , ik ) ∈ Ω × R} be the set of sampling points and their associated
signal. Let Γ be a chosen reconstruction grid.
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• Create two uniformly sampled images N and D deﬁned on Γ and initialized
to zero.
• For all point indexes k:
– Map the sampling point pk to the closest pixel psk of the chosen grid Γ.
– Update N : N (psk ) ← N (psk ) + ik
– Update D: D(psk ) ← D(psk ) + 1
• Smooth N and D with a recursive Gaussian ﬁlter [Deriche 93].
• Create the ﬁnal reconstruction R =

N
D

This scattered data approximation technique requires only two Gaussian ﬁltering and one division and is thus very eﬃcient. The smoothness is controlled by the
variance of the Gaussian kernel.

5.6.2

Mosaic Construction

The scattered data approximation can further be tailored for the problem of mosaic reconstruction. Once an estimate fˆn of the frame-to-reference mapping fn is
available, we get a point cloud composed of all transformed sampling points from
all the input frames
{(pk , ik )} = {(fˆn (p), In (p))|p ∈ Λn , n ∈ [0, . . . , N ]},

(5.18)

where Λn is the set of sampling points in the input frame n.
A common approach, when constructing mosaic images, is to minimize the
seam artifacts by using feathering or alpha blending [Uyttendaele 01]. With this
approach, the mosaic image is a weighted average on the input images and the
weighting factor depends, for example, on the distance to the center of the image.
This weighting allows to smooth the transitions between the input images.
Moreover, one could have a conﬁdence measure for each input frame based, for
example, on the estimated velocity of the frame. Weighting the input frames with
this conﬁdence measure for the reconstruction of the mosaic could help producing
a visually more pleasing mosaic image.
Both approaches reduce to weighting the importance of a given mapped input
sampling point pk by some factor ρk . This weight can readily be used in (5.17) and
we get:
P
P
ˆ = Pk ρk ik G(p − pk ) = [G ⋆ Pk ρk ik δpk ](p) .
I(p)
[G ⋆ k ρk δpk ](p)
k ρk G(p − pk )
Adapting the algorithm is thus straightforward. We only need to change the N and
D update steps by N (psk ) ← N (psk ) + ρk ik and D(psk ) ← D(psk ) + ρk . Finally, there
is often no need to extrapolate the data too much or to reconstruct zones that have
a very small conﬁdence. This can easily be achieved by setting the value of the
mosaic to an arbitrary (but ﬁxed) value when the total weight factor D(p) is below
a predeﬁned threshold.
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Results
Experimental Evaluation

The experimental evaluation of our approach was carried out on a reﬂectance ﬁbered
confocal microscope from Mauna Kea Technologies shown in Fig. 5.9b. For the
particular ﬂexible microprobe we used throughout these experiments, the ﬁeld-ofview is 220 × 200 µm.

(a) The Deckel-Maho milling machine holding the flexible microprobe.

(b) The Cellvizio, fibered confocal microscope.

Figure 5.9: Experimental system used to control the motion of the ﬂexible microprobe
with respect to the imaged rigid object (a silicon wafer).

In order to validate the global positioning and motion distortion compensation
framework, image sequences of a rigid object were acquired. The object needed to
have structures that could be seen with the reﬂectance ﬁbered confocal microscope.
For the mosaicing to be of interest, we also needed to see shapes whose size were
larger than the ﬁeld-of-view of our imaging device. We therefore chose to image a
silicon wafer.
A fair evaluation can only be made by comparing the output of the algorithm
with independent information. Apart from simulated data, a ground truth of the
imaged region is very diﬃcult to get. Even with a standard microscope having a
comparable resolution but a greater FOV it is not easy to see on the wafer whether
the exact same region is being imaged or not. In addition to the mosaic, our algorithm estimates the motion of the ﬂexible microprobe. The following evaluations use
a computer numerical control (CNC) milling machine, shown in Fig. 5.9a, to hold
the ﬂexible microprobe and prescribe a motion with respect to the silicon wafer.
The accuracy of the CNC robot is of the order of magnitude of the apparent ﬁber
inter-core distance dic = 3.3
G = 1.3 µm (G ≃ 2.5 is the magniﬁcation of the ﬂexible
optical microprobe). This apparent ﬁber inter-core distance can be thought of as
the resolution of the system. We have thus been able to compare the prescribed
motion with the recovered one.
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Translational Motion
In the ﬁrst experiment, the milling machine was programmed to perform two consecutive circles with a radius of 125 µm. The ﬁrst circle is a clockwise one whereas
the second one is a counterclockwise one. The ﬁnal shape thus looks like an “8.”
The motion starts and ends at the center of this shape. The milling machine was
programmed to keep a constant tangential velocity vector during the experiment.
The radius of the circles were chosen so that in the middle of the circles a small
blind zone remains. We therefore have both regions where many frames overlap
(the center of the “8”), and regions where fewer frames do (the top and bottom of
the “8”).
As a point of comparison, we compute an initial mosaic by registering the pairs of
consecutive frames under a rigid motion assumption. An initial global positioning is
computed by composing these local rigid body transformations. No frame distortion
compensation is carried out. Fig. 5.10a shows this initial mosaic. As shown in this
ﬁgure and on the reconstructed path in Fig. 5.10b, geometrical distortions appear.
The estimated motion is far from the prescribed “8” and the mosaic has a wavy
aspect. Furthermore, the global inconsistency of the estimated transformations is
seen on the mosaic (the input frames are not correctly aligned which is especially
visible in the middle of the “8”), and on the estimated trajectory (the estimation
of the ﬁrst and last frame centers are far away).
In Fig. 5.11a, we applied our framework for global positioning and motion distortion compensation. The gain is clear both in terms of geometry of the reconstruction
and visual quality. Fig. 5.11b shows the estimated motion. The best ﬁtted circle are
shown for each half trajectory. The radii of the estimated circles are R1 = 123.5 µm
and R2 = 123.7 µm which is quite close the 125 µm expected. The remaining difference can be explained by the uncertainty we have on the horizontal and vertical
magniﬁcations Gx and Gy of the ﬂexible microprobe. An unmodeled discrepancy
between these magniﬁcations, i.e., Gx 6= Gy , could also explain the oscillations in
the error plot of Fig. 5.12.
In order to further evaluate the quality of our reconstruction we used a standard
microscope to acquire images of the silicon wafer on a similar zone (being able to
image the very same spot is a very diﬃcult task due to the redundancy of the wafer
pattern). Fig. 5.13 shows this image. A comparison is made between the standard
microscope, the reﬂectance ﬁbered confocal microscope and our reconstruction from
the FCM by showing a zoom on a particular structure. Note the enhancement in
visual quality we get on the mosaic image with respect to the input signal we use.
Because of the importance of the noise level on the input frames and of a small
residual aliasing eﬀect, our method is even capable of producing mosaics that have
a better resolution that the input frames. This result is crucial since we do not
even need to perform computationally expensive super-resolution algorithms as in
[Zomet 00]. The gain in resolution is clear on all parts of the mosaic as shown in
Fig. 5.14.
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(a) Initial output mosaic of
the wafer.

(b) Estimated trajectory.

Figure 5.10: Mosaicing results using sequential rigid registrations only for a video
sequence during which the milling machine performed two opposite circles of equal
diameters. FOV: 465×725 µm. Note the global inconsistency of the alignments (due to
accumulated registration errors) and the geometric distortions (due to uncompensated
motion artifacts).
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(a) Globally consistent mosaic of the wafer.

(b) Estimated trajectory.

Figure 5.11: Mosaicing results using global frame positioning and motion distortion
compensation on the same input sequence as in Fig. 5.10. FOV: 474 × 696 µm.
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Figure 5.12: Distance of the estimated frame centers to the center of the circle that
has been ﬁtted to the estimated trajectory. The plot also shows the estimated radius
and a band of width two times the ﬁber inter-core distance which provides an idea of
the accuracy of the estimation.

(a) Image of a similar zone of the
silicon wafer acquired with a standard microscope.

(b) Zoom on a portion of the wafer.
Top to bottom: Image acquired with
a standard microscope; a typical input
frame; the reconstructed mosaic.

Figure 5.13: Comparison of our mosaic with a typical input frames and with an
image acquired with a standard microscope.
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Figure 5.14: Zoom on a portion of the wafer. The ﬁrst line show some input frames
and the second show the corresponding reconstruction. Note the achieved gain in both
noise level and resolution.

General Motion
In the second experiment, the milling machine was again programmed to perform
two circles with radius 125 µm. In addition to this motion, the table holding the
silicon wafer was programmed to perform a rotation of angle − π3 around a ﬁxed
axis. Both motions have been synchronized to start and end at the same time
instant. The rotational velocity of the table was programmed to remain constant.
Once again, the milling machine was programmed to keep a constant tangential
velocity vector during the experiment. Because of the custom made part needed for
the milling machine to hold the ﬂexible microprobe, it was not possible to program
the center of rotation of the table to be aligned with the center of the “8” motion
imposed by the milling machine. We have however been able to roughly position it
there.
Fig. 5.15a shows the mosaic reconstructed using our global positioning and motion distortions compensation algorithms. We have superimposed the estimated
trajectory of the ﬂexible microprobe together with two axes showing the estimated
orientation of the ﬂexible microprobe. For obvious reasons of clarity, only a subset
of the estimated positions are shown. Note that the ﬁrst and last frame (denoted
by F and L on Fig. 5.15a) are not in the same position. This is due to the rotation
center of the table not being aligned with the center of the ﬁrst frame, i.e., the
center of the “8” motion. Fig. 5.15b shows the estimated angular orientation of
the frame together with the best ﬁtted line. The total angle of − π3 corresponds
to a true angular velocity of 4.60 × 10−2 rad/s. Using this least-squares ﬁt of the
orientation, the estimated angular velocity is 4.50 × 10−2 rad/s which is once again
very close to the ground truth.
The power of our hierarchical scheme appears in Fig. 5.16 where diﬀerent recon-

5.7. Results

103

Global frame angles
Least square fit

0.4

Angle in radians

0.3
0.2
0.1
0
−0.1
−0.2
−0.3
−0.4
−0.5
0

5

10

15

20

Time in seconds

(a) Mosaic using global frame
positioning.

(b) Estimated angle and fitted line.

Figure 5.15: Mosaicing results using global positioning and motion distortion compensation for a video sequence during which the milling machine performed two opposite circles of equal diameters while, in the meantime, the table performed a rotation
of angle − π3 with constant angle velocity. The center of rotation of the table was
relatively close to the center of the “8” motion imposed by the milling machine but
remains unknown. FOV: 514 × 758 µm.

(a) Mosaic using sequential rigid registrations only

(b) Mosaic using sequential rigid registrations and motion distortion compensation

(c) Mosaic using global
frame positioning and
motion distortion compensation

Figure 5.16: Zoom on a portion of the reconstructed mosaic using the same input
sequence as in Fig. 5.15.
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structions are compared. The ﬁrst reconstruction uses sequential rigid registration
only, global inconsistency is obvious. The second shows the reconstruction using
motion distortion compensation but no global alignment. Residual global misalignment implies a blurred result. On the other hand, the mosaic using both global
alignment and motion distortion compensation is crisp.

5.7.2

In Vivo Studies

Fibered confocal microscopy is designed to visualize cellular structures in living
animals. In Fig. 5.1, we presented diﬀerent types of tissue imaged in vivo with
the Cellvizio. As a proof of concept, we applied our mosaicing algorithm to the
sequences corresponding to the images shown in Fig. 5.1. We will ﬁrst discuss the
results obtained for colon imaging in detail. Then we brieﬂy present the results
obtained with the other sequences.
Colon Imaging
In the ﬁeld of colon cancer research, the development of methods to enable reliable
and early detection of tumors is a major goal. In the colon, changes in crypt
morphology are known to be early indicators of cancer development. The crypts
that undergo these morphological changes are referred to as Aberrant Crypt Foci
(ACF) and they can develop into cancerous lesions.
In laboratory rodents, ACF can either be induced by colon-speciﬁc carcinogens
or through transgenic mutations. As in humans, ACF in mice are known to be
reliable biomarkers for colon cancer and are used to study initiation, promotion
and chemoprevention of colorectal cancer. Currently, ACF are routinely imaged,
detected and counted under a dissecting microscope following staining with methylene blue. The procedure is to sacriﬁce the animal, excise the whole colon and open
it ﬂat.
Compared to this method, ﬂuorescence FCM enables the operator to see the
lesions in real time and to make an almost immediate evaluation without sacriﬁcing
the animal. This oﬀers the possibility of studying groups of individual animals over
extended periods with the beneﬁts of reduced inter-animal statistical variation and
reduced number of animals used per experiment [Cavé 05]. However, in many cases
the limited ﬁeld-of-view restricts the conﬁdence that the operator has in the ACF
counting. By oﬀering an extended ﬁeld-of-view, mosaicing techniques can be an
answer to this restriction.
The eﬀectiveness and relevance of the proposed algorithm for this study are
shown on a sequence that has been acquired in vivo on a mouse colon stained with
acriﬂavine at 0.001%. The mouse was treated with azoxymethane (AOM) to induce
a colon cancer. The input sequence is composed of ﬁfty frames, each with a ﬁeldof-view of 425 µm by 303 µm. As shown in Fig. 5.17c, our algorithm allows for a
simultaneous visualization of normal and aberrant crypts.
Fig. 5.17b shows the improvement we make with respect to a simple mosaic
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(a) Using pairwise rigid registrations of consecutive frames.




(b) Using global positioning and motion distortion compensation.




(c) Using our complete algorithm (including non-rigid registration).

Figure 5.17: Mosaics of 50 in vivo mouse colon images after instillation of acriﬂavine
(Courtesy of D. Vignjevic, S. Robine and D. Louvard, Institut Curie, Paris, France).
The arrows point to zones of the mosaic where the visual gain is particularly appealing.
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(a) Ex vivo mouse colon imaging after instillation of acriflavine (226
input frames). Courtesy of D. Vignjevic, S. Robine and D. Louvard,
Institut Curie, Paris, France.



(b) In vivo Mouse colon vascularization after injection of FITCDextran high MW (300 input frames). Courtesy of M. Booth, MGH,
Boston, MA.


(c) Ex vivo reflectance imaging of human colon (1500 input frames).


(d) Ex vivo imaging of human colon with methylene blue (51 input
frames). Courtesy of P. Validire, Institut Mutualiste Montsouris,
Paris, France.

Figure 5.18: Pseudo-color mosaics of the colon.
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construction, shown in Fig. 5.17a, by using the global positioning and motion distortion compensation. The imaged tissue is very soft and non-linear deformations
also occur. Fig. 5.17c illustrates the gain we obtain by taking into account those
non-rigid deformations. Some details are lost if we only use rigid body transformations and reappear on our ﬁnal mosaic. The global frame positioning mosaicing
took approximately 3 min on a 2GHz P4 and 15 min if the non-rigid deformations
are compensated.
Our method has also been successfully applied to many other types of sequences
acquired in both mouse and human colon as shown in Fig. 5.18. Fig. 5.18a provides
another example using a sequence that has been acquired on a mouse colon stained
with acriﬂavine. In Fig. 5.18b, the vascularization of the mouse colon was imaged
after injection of FITC-Dextran high MW. We also provide results on sequences
that have been acquired ex vivo in the human colon. Fig. 5.18c uses reﬂectance
FCM whereas Fig. 5.18d uses a sequence acquired with a 660 nm ﬂuorescence FCM
after methylene blue staining.
Other Examples
The Cellvizio oﬀers a new way to image and characterize many types of tissue. In
many cases, mosaicing can help move beyond the limitations of FCM by oﬀering
an extended ﬁeld-of-view. We provide some insight of this by showing the result of
our algorithm on the remaining sample sequences shown in Fig. 5.1.
Fig. 5.19a shows a mosaic constructed from 21 input frames, each with a FOV
of 417 µm by 297 µm. On this ﬁgure, we see mouse tumoral angiogenesis. The
need for in vivo imaging is urgent in this ﬁeld. It can indeed help assess the
eﬃciency of angiogenesis therapy [McDonald 03]. Mosaicing techniques can further
help computing objective quantitative measurements.
The result shown in Fig. 5.19b is of much clinical interest since it proves that
obtaining a microscopic images of human lung tissue without any staining is feasible.
Our mosaicing algorithm pushes this interest one step further by showing multiple
alveolar structures on a single image.
The mosaic in Fig. 5.19c, arising from 31 input frames, shows the tubular architecture of the kidney. In this setting, mosaicing could help producing objective
statistical shape measurements.
Fig. 5.19d shows the ability of the Cellvizio to image nervous tissue down to the
dendritic endings and shows how mosaicing can help seeing many of those dendritic
endings simultaneously. 70 input frames all with a FOV of 397 µm by 283 µm were
used to produce the mosaic.
Fig. 5.20 clearly shows that even in the in vivo case, we are able to get a real
gain both in terms of noise level and resolution. The input sequence was composed
of 101 images from the human mouth mucosa that have a FOV of 150 µm by 125
µm.
The results shown in Fig. 5.17, Fig. 5.19 and Fig. 5.20 prove the feasibility of
mosaicing for in vivo soft tissue microscopy.
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(a) In vivo tumoral
angiogenesis
in
mouse with FITCDextran high MW
(21 input frames).



(b) Ex vivo autofluorescence imaging in human
lung (15 input frames).


(c) Microcirculation of the peritubular capillaries of a live mouse kidney
with FITC-Dextran high MW (31 input frames).


(d) Dendritic receptors in a live Thy1-YFP mouse (70 input frames).

Figure 5.19: Pseudo-color mosaics using diﬀerent types of images acquired with the
Cellvizio (Courtesy notes appear in Fig. 5.1).
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(a) First frame of
the input sequence
(cf. Fig. 5.1c).


(b) Final mosaic (101 input frames). The dashed
circle corresponds to the first input frame shown
in Fig. 5.20a.

Figure 5.20: Reﬂectance imaging of human mouth mucosa.

5.8

Conclusions

The problem of video mosaicing for in vivo soft tissue ﬁbered confocal microscopy
has been explored in this chapter. A fully automatic robust hierarchical approach
was proposed. Rigorous tools for estimation problems on Lie groups were used
to develop a robust algorithm to recover consistent global alignment from local
pairwise registration results. A model of the relationship between the motion and
the motion distortion was developed and used to robustly compensate for the motion
distortions arising when using a laser scanning device. An eﬃcient scattered data
ﬁtting technique was proposed for the construction of the mosaic. This tool was
also used to adapt the demons algorithm for non-rigid registration with irregularly
sampled images.
In terms of algorithmics, future work should aim at making the mosaicing process more eﬃcient. This could, for instance, be based on using less accurate (yet
globally consistent) frame-to-reference transformations and compensate for the inaccuracy by using reconstruction methods that are less sensitive to small misregistrations [Burt 83, Levin 04, Su 04]. We should also work on providing the user
with a conﬁdence measure on the reconstructed mosaic.
The results shown on various types of images acquired with a ﬁbered confocal
microscope are promising and encourage the application of the proposed method for
qualitative and quantitative studies on the mosaics. An strong technical validation
of our method was performed thanks a computerized numerical control milling
machine. The next step, which we address in the next chapter, is to evaluate the
usefulness of our algorithm within a real clinical setting.
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Appendix: Lie Group Tools for 2D Rigid Transformations
In this section, we provide the explicit expressions of the tools deﬁned in Section 5.3
for the speciﬁc case of interest, the 2d rigid body transformations R.
A rigid body transformation r is composed of a rotation of angle θr (expressed
in [0, 2π] mod (2π)) followed by a translation τr = (τrx , τry ). This set of parameters provides a chart or local coordinate system. The composition and inversion
are easily expressed in this coordinate system. Let r and s be two rigid body
transformations represented by (θr , τr ) and (θs , τs ), we have:
s◦r

:

(θs + θr , Rθs .τr + τs )

−1

r
: (−θr , −R−θr .τr ),


cos(α) − sin(α)
is a rotation matrix. In this coordinate system, the
where Rα =
sin(α) cos(α)
diﬀerential maps previously presented are given by:


1
0
0
DLr (s) = 0 cos(θr ) − sin(θr )
0 sin(θr ) cos(θr )


1
0 0
DRr (s) = − sin(θr )τsx − cos(θr )τsy 1 0
cos(θr )τsx − sin(θr )τsy 0 1


−1
0
0
DInv(r) = sin(θr )τrx − cos(θr )τry − cos(θr ) − sin(θr )  .
sin(θr ) − cos(θr )
cos(θr )τrx + sin(θr )τry
We can notice here that the left composition diﬀerential map DLr (s) does not
depend on s.
We now look at the left-invariant Riemannian metric G(x) we use on this Lie
group. Let ur = (dθr , dτr ) and us = (dθs , dτs ) be elements of the Id-tangent space
TId (R). We choose the canonical dot product on TId (R):
hur | us iId = dθr dθs + dτrT .dτs

⇔

G(Id) = I3 ,

According to (5.3), the left invariant metric is thus given, at all points, by the
−1
matrix G(x) = DL−T
r .I3 .DLr = I3 . The Riemannian metric is, in this case, of the
simplest possible form and does not depend on the tangent space. This particular
Lie group is thus ﬂat and geodesics are straight line. The Riemannian logarithm at
the identity is therefore simply given by the parameters expressed in the chart we
chose:
logId (r) = [θr , τrx , τry ].
(5.19)
Another common choice, would be to take G(Id) = diag([λ2 , 1, 1]) in order to
weight the inﬂuence of the angles with respect to the translation, but using the
Mahalanobis distance deﬁned in Section 5.3.3 makes this weighting unnecessary.
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Motivation: From the Bench to a Benchmarked
Bedside

As is exempliﬁed by some parts of this thesis, research in biomedical image analysis
is often driven by a technology-oriented point of view or a theoretical-developmentoriented point of view. Biomedical image analysis research is, however, by essence
an application-oriented ﬁeld. Therefore, it seems necessary that with new developments, we also answer the basic question of its potential beneﬁt in terms of biological
research or public health.
This chapter aims at determining the actual contribution of our mosaicing tool
to the interpretation process of Cellvizio data acquired during gastrointestinal endoscopy. This work is a continuation of our previous eﬀorts in terms of clinical
validation presented in [Becker 07, Perchant 06, Thiberville 07, Vercauteren 07a].
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In [Meining 07b] for example, Cellvizio was used during a colonoscopy of a 75year-old man having an 8-month history of diarrhea. Colonic crypts were slightly
distorted but not destroyed. Mosaicing allowed clinicians to detect an unusual distance between crypts. This was somewhat diﬃcult to notice directly on the Cellvizio
video sequence as only a few crypts can be seen in the ﬁeld of view. This unusual
distance led the clinician to diagnose lymphocytic colitis from the mosaic image.
Standard histopathology then conﬁrmed this presumptive diagnosis. This kind of
study indeed shows some potential beneﬁts of mosaicing for Cellvizio data. Such
work is, however, based on some speciﬁcally selected cases and does not prove the
scalability of the tools. In essence, it can only be considered as a proof of concept.
Our goal here is to measure the value of our tools on a well-deﬁned medical
problem, using standard real-life clinical procedures. In this chapter, we chose to
focus on the surveillance of a pre-cancerous condition known as Barrett’s esophagus.
The strongest evidence one can get to support a clinical hypothesis is provided
by a systematic review of a randomized multicenter clinical trial. We have thus
integrated our mosaicing tool within such a trial whose main goal was to measure
the performance of Cellvizio with respect to the current gold standard for Barrett’s
esophagus. This trial allows us to get a fair quantitative evaluation of our mosaicing
tools for a speciﬁc medical application.
Advanced image processing schemes are often time-consuming or require a rather
speciﬁc setup unfamiliar to clinicians. As such their use is often diﬃcult to integrate
within a routine clinical workﬂow. Therefore, our aim, when we incorporated the
mosaicing into the clinical trial, was to integrate all facets of clinical constraints to
propose a complete mosaicing solution usable by medical investigators.
The remainder of this chapter is organized as follows. In Section 6.2, we present
the motivation behind the Barrett’s esophagus multicenter clinical trial and introduce its protocol. In Section 6.3, we show how we designed a complete mosaicing
solution that meets clinical constraints. As this mosaicing solution does not provide
clinicians with real-time information, it might be diﬃcult for them to envision how
they could take full advantage of mosaic images. We thus propose in Section 6.4 a
live mosaicing scheme that provides the investigators with direct visual feedback to
help them optimize their Cellvizio acquisition. Finally, the outcome of the clinical
trial appears in Section 6.5.

6.2

A Multicenter Clinical Trial for the Diagnosis of
Barrett’s Esophagus

Barrett’s esophagus refers to an abnormal change in the cells of the lower end of the
esophagus. It is considered to be a pre-malignant condition and is associated with
an increased risk of esophageal cancer. As shown in Fig. 6.1, Barrett’s esophagus
is visible grossly through an endoscope, but the tissue must be examined at the
microscopic level to conﬁrm the diagnosis and determine the malignancy of the
cells.
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Figure 6.1: Endoscopic images of the esophagus. Left: healthy esophagus. Right:
Barrett’s epithelium is recognizable by its salmon color whereas the normal mucosa
has a pearly white appearance. Images taken from the DAVE project [Kelsey 04,
Kelsey 05].

It is widely accepted that the current gold standard for the surveillance of Barrett’s esophagus, which is based on somewhat random biopsies [Sampliner 02], is,
at the same time, not speciﬁc enough, not reproducible enough and uncomfortable
for the patient [Sharma 07].
We have seen in the previous chapters that ﬁbered confocal microscopy allows
the physician to get a microscopic view of the tissues during endoscopy. In this
case, we are thus not limited by the number of biopsies and can expect a diagnosis
that is more speciﬁc, more reproducible and more comfortable for the patient.
The main goal of the multicenter clinical trial on Barrett’s esophagus is to assess
the performance of ﬁbered confocal microscopy with respect to the current gold
standard. The trial is sponsored by Mauna Kea Technologies. The investigators
are PD. Dr. Alexander Meining, Technical University Munich (lead investigator),
Pr. Dr. Thomas Rösch Charite University, Berlin and Pr. Dr. Stephan Miehlke,
Dresden University of Technology.
An additional goal of the trial is to compare the diagnosis based on only the
mosaics, which have been constructed from a Cellvizio video sequence, with respect
to both the diagnosis based on only the Cellvizio video sequences and the one based
on the gold standard. This will serve to validate our mosaicing algorithm from an
applicative point of view.

6.2.1

Basics About Barrett’s Esophagus

The esophagus is a muscular tube that carries food and saliva from the mouth to the
stomach. Sometimes a small amount of material comes back up from the stomach
to the esophagus. Such occasional reﬂux is considered to be normal. However, when
it happens frequently, it may produce burning symptoms that are often referred to
as heartburn. It is considered to be a medical condition known as gastroesophageal
reﬂux disease (GERD).
GERD can provoke an inﬂammation of the mucosa of the esophagus (esophagitis). This in turn can sometimes lead to Barrett’s esophagus (BE) which is a condi-
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tion, named after Numan R. Barrett (1903–1979), in which the esophagus changes
so that some of its lining is replaced by a type of tissue similar to that normally
found in the intestine. This process is called intestinal metaplasia. The origin of
BE probably involves multipotential undiﬀerentiated cells.
Barrett’s esophagus itself does not cause any particular symptoms. It is, however, important because the intestinal metaplasia that occurs in BE confers an
increased cancer risk of the adenocarcinoma type. It is in fact the most common
precursor of esophageal cancer. BE has a poor prognosis1 , mainly because individuals that come for consultation already have late-stage disease. Once cancer is
diagnosed, patients have a median survival time of less than one year. Less than 10
percent of patients survive for longer than ﬁve years despite combined chemotherapy and surgery. It is thus important to detect Barrett’s esophagus as early as
possible.
The rate of esophageal adenocarcinoma is increasing in the Western world.
Esophagitis secondary to GERD is the most common medical condition in Western
countries. Among the 30 percent of adults who have heartburn at least once a
month, a third have endoscopic evidence of esophagitis. In 10 percent of patients
with esophagitis, the condition progresses to Barrett metaplasia. Approximately
0.5–2.0 percent of adults in the Western world have Barrett metaplasia. As many
as 11,000 people in the US will be diagnosed with esophageal cancer in the next
year. Estimates of the incidence of Barrett’s esophagus range between 800,000 and
two million cases.

6.2.2

Current Medical Practice

Diagnosing Barrett’s esophagus is diﬃcult because it often does not exhibit speciﬁc
symptoms. When heartburn or acid regurgitation is the dominant symptom, the
speciﬁcity is suﬃciently high to diagnose GERD. If no additional indication for
further evaluation exists, patients may be conﬁdently treated for GERD without
undergoing conﬁrmatory tests. An endoscopic examination with biopsy is however
required to conﬁrm the diagnosis because Barrett’s esophagus can only be diagnosed
at the microscopic level.
For other diseases, it is often the case that advanced diagnosis need only be
performed on high-risk populations. For Barrett adenocarcinoma, the problem is
that conventional clinical risk factors are neither sensitive nor speciﬁc enough for
the classiﬁcation of individuals with a high risk. Besides GERD, risk factors for
Barrett’s esophagus include being a man, being white or Hispanic, and being an
older adult. Therefore, surveillance should be required for almost all patients with
GERD. This approach is unfortunately neither feasible nor cost eﬀective.
Although controversy exists, many physicians recommend that adult patients
who are over the age of 50 and have had GERD symptoms for more than ﬁve years
be screened for Barrett’s esophagus. With the recognition of BE as a pre-malignant
lesion, the crucial issue is surveillance. The goal of surveillance is to detect early
1

prediction of the future course of a disease and chance for recovery
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Figure 6.2: In vivo ﬁbered confocal microscopy of the esophagus with Cellvizio. A
classiﬁcation of diﬀerent tissue types can be made from the cellular architecture.
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signs of cancer. When people who have Barrett’s esophagus develop cancer, the
process goes through an intermediate stage in which cancer cells appear in the Barrett’s tissue (dysplasia). The process is patchy and cannot be seen directly through
the endoscope, so that today multiple biopsies must be taken. Even then, the cancer cells can be missed and dysplasia is not the ideal marker for selecting patients
with a high risk for adenocarcinoma. Approximately 40 percent of patients who
have high-grade dysplasia without cancer, according to endoscopic biopsy ﬁndings,
are found to have adenocarcinoma at surgery.
If the patient has esophageal cancer, or BE and high-grade dysplasia, the doctor
may recommend a major surgical procedure in which the esophagus is removed
completely and the stomach is pulled into the chest (esophagectomy). Although
this treatment is eﬀective, it is associated with signiﬁcant health risks.
The surgical treatment of people with high-grade dysplasia is controversial.
Some experts believe that esophagectomy should be used as a measure to protect against cancer. Other experts believe that it is suﬃcient to schedule screening
endoscopies every three to six months and perform an esophagectomy only if cancer
develops. Doctors generally do not recommend surgery for people with declining
health or for those who are too weak to withstand a major procedure.

6.2.3

Fibered Confocal Microscopy as an Alternative

We have seen that ﬁbered confocal microscopy oﬀers unprecedented characterization
capabilities of the GI mucosa in real time during endoscopy. It is not limited by the
number of biopsies so that the endoscopist can beneﬁt from a real-time assessment
of the malignancy of the tissue in any area. This can potentially improve the
speciﬁcity, robustness, and patient comfort as well as limit the cost of the current
surveillance protocol.
In a feasibility study conducted by PD. Dr. Alexander Meining, ﬁbered confocal
microscopy was used to detect malignant and pre-malignant modiﬁcations in the
gastrointestinal tract. The conclusion of this feasibility study is that Cellvizio yields
a 92 percent accuracy in the detection of neoplasia as compared with conventional
histopathology. Figure 6.2 provides a feeling of how discriminant Cellvizio images
can be with respect to diﬀerent conditions. The disadvantage of the preliminary
study was, however that the acquisition protocol was not optimal so that many
images were not of suﬃcient quality for diagnosis purposes. Early experiments
with the optimized protocol used for the clinical trial showed signiﬁcantly better
image quality and reproducibility.
Using a distal scanning ﬁbered confocal microscope, another study presented in
[Kiesslich 06] was shown to allow for a high accuracy in the diagnosis of both Barrett
metaplasia and Barrett neoplasia. A possible weak point of this work is that the
system used by the authors cannot be operated via any standard endoscopes as can
Cellvizio. In addition to this, the required quantity of contrast agent (ﬂuorescein)
is 10 times as much as the one used in the present trial. This involves a higher risk
of side eﬀects. Moreover, a multicenter veriﬁcation of their data is not available.
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Figure 6.3: Schematic view of the acquisition protocol as seen from the endoscope.
The complete four quadrant biopsy pattern is ﬁrst marked with an argon plasma coagulator. Cellvizio is then used on the left hand side of each mark. Finally, a biopsy
is taken at each spot imaged with Cellvizio.

6.2.4

Clinical Trial Protocol

The main objective of the clinical trial sponsored by Mauna Kea Technologies is
to compare the current gold-standard practice with ﬁbered confocal microscopy to
detect metaplasia or neoplasia in patients suﬀering from Barrett’s esophagus. An
additional goal, of essential importance for us, is to compare the performance of
diagnosis on the mosaics with respect to the two previous modalities.
Double-blind multicenter clinical trials are considered the most reliable form of
scientiﬁc evidence for this kind of comparison because they eliminate all forms of
spurious causality. For this reason, the protocol that has been established dispatches
the patients across three diﬀerent centers. For each acquisition, the gold-standard
diagnosis, the diagnosis based on ﬁbered confocal microscopy and the one based on
the mosaics are performed in a double-blinded mode, i.e., independently from each
other and without seeing the data from the other modalities.

Gold Standard: Four Quadrant Biopsy For the purpose of detecting neoplasia in the esophagus at an early stage, it is the current practice to take one
piece of tissue from each quadrant of the esophagus (left, right, front, and back).
This is repeated every 1–2 cm throughout the length of the Barrett’s segment. Any
endoscopic peculiarities such as elevations or ulcers are examined by a separate,
additional biopsy. Therefore, at least 4×3=12 biopsies have to be carried through
in case of a four-centimeter-long sleeve-shaped Barrett’s esophagus. All specimens
obtained with a biopsy should be ﬁxed separately. This protocol, known as four
quadrant biopsy, is considered to be the current best medical practice and is thus
used as a gold standard.
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Acquisition Protocol In order to fairly compare ﬁbered confocal microscopy
with the gold standard, it is necessary to acquire the Cellvizio sequences and the
biopsies on the same spot. To do that, the endoscopist starts by marking all the areas where a biopsy is to be executed according to the four quadrant biopsy protocol.
The mark is performed by means of an argon plasma coagulator. About ten marks
will be made for each patient. In a second step, the patient receives an intravenous
(IV) injection of ﬂuorescein. Cellvizio sequences are then acquired directly at the
left-hand side of the argon marked areas. Finally, a tissue specimen is obtained,
through biopsy, at the same spot where ﬁbered confocal microscopy was used. This
procedure is summarized in Fig. 6.3.
Diagnosis Protocol For recording purposes, the endoscopist will document the
suspected ﬁbered confocal microscopy ﬁndings during the acquisition. After the
acquisition, the sample identiﬁcation names are randomized and renamed according to a given correspondence table in order to guarantee a blinded study. The
biopsy specimens are then dispatched to a pathology center for histopathological
determination of the results. Histopathology is performed without any knowledge
of the anamnestic2 , endoscopic, Cellvizio or other histopathologic data. The interpretation of the results of the ﬁbered confocal microscopy sequences is performed in
a blinded way analogously to the histopathologic gold standard by an histopathologist. After randomization of the ﬁbered confocal microscopy sequences, the data is
processed by our fully automatic mosaicing pipeline. A new layer of randomization
and renaming is performed on the mosaics. The mosaics are then interpreted in a
blinded mode by a gastroenterologist. Three months after the completion of the
randomization, a new interpretation of the results of the ﬁbered confocal microscopy
sequences is performed by a gastroenterologist.
Planning the Number of Cases The planning of the number of cases is carried out for the examination of the hypothesis H1 that the speciﬁcity for Barrett metaplasia and Barrett neoplasia are not considerably worse than 95 percent
[Kiesslich 06]. For this reason, the planning is to be performed for an unilateral
equivalence test of the non-inferiority. A value of 90 percent is considered to be the
lowest acceptable limit for a not considerably worse speciﬁcity, i.e., a deviation from
the value of 95 percent by 5 percent downwards. Since two main target quantities
are of interest with regard to the planned study (speciﬁcity of Barrett as well as
speciﬁcity of neoplasia), the critical p-value is adjusted according to the Bonferroni
correction3 so as to keep to a global signiﬁcance level of α = 5%. A signiﬁcance
level of α = 2.5% is thus needed for each of the individual examinations. The error
of second kind is ﬁxed at 0.2. A prevalence of Barrett metaplasia equal to 67.6
percent and a prevalence of neoplasia equal to 16.9 percent can be assessed on the
2

relating to the current or previous medical history of a patient
The Bonferroni correction states that if an experimenter is testing n independent hypotheses
on a set of data, then the statistical significance level that should be used for each hypothesis
separately is 1/n times what it would be if only one hypothesis were tested.
3
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basis of the literature available [Kiesslich 06]. It follows that the total number of
the observation units to be recruited has to be 738. Since about 10 observation
units (biopsies and Cellvizio data) are made from each patient, the consequence is
that 74 patient are required.

6.3

From a Mosaicing Algorithm to a Mosaicing Solution

Within the clinical trial protocol presented above, our goal is to provide for each
input Cellvizio sequence, a large ﬁeld-of-view reconstruction of the imaged region
and assess the diagnosis performance on these mosaics. As with any large clinical
trial, the automated processing of the data poses a number of challenges in terms
of image processing but also in terms of logistics. These challenges are typically not
addressed by a single algorithm such as the one we presented in Chapter 5.
In order to get a consistent and reproducible mosaicing solution rather than a
mosaicing algorithm, several key elements are required. First of all, the data should
be acquired in a standardized manner. This point is taken care of by the acquisition
protocol of Section 6.2.4. Second, the data processing needs to be reproducible
and robust enough to cope with a very large database with a failure rate that
should be close to zero. This will typically be addressed by a pipeline of several
algorithms rather than a single algorithm, see e.g. [Jones 06, Zĳdenbos 02]. Finally,
since we deal with such a large amount of clinical data, the software tools that are
used, need to manage the computational burden and meet the necessary regulatory
requirements. This will normally require the use of distributed computing resources
and a strict software version control management.
In this section, we detail the critical elements that we designed to answer these
challenges and move from a mosaicing algorithm to a mosaicing solution that is
able to cope with a large multicenter clinical trial.

6.3.1

A Dedicated Offline Scene-Splitting Algorithm

Motivation
Given the large amount of data that we want to process, it becomes absolutely
necessary to have a fully automatic algorithm that fails in only a very few cases.
As appears in Chapter 5, our mosaicing algorithm still has a major shortcoming.
It will indeed be robust to some failures in the registration of pairs of images but
will dramatically fail if the Cellvizio sequence that is used as an input does not
present a smooth motion trajectory of the optical microprobe with respect to the
soft tissue.
The initial assumption used by the mosaicing algorithm is indeed that consecutive frames of the input video sequence have a suﬃcient overlap for registration
purposes. From this presumption, an initial estimate of the global positioning of the
frames is obtained by using a rigid body registration technique to align the pairs of
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consecutive frames and by composing these spatial transformations. Furthermore,
our algorithm will be able to compensate for the motion distortions on the input
frames up to a ﬁrst order. This means that we estimate the speed of the optical
microprobe with respect to the imaged tissue by assuming it is constant during the
time required to acquire one frame. Obviously even if this hypothesis has proved to
be reasonable on many sequences, there will always be cases where the acceleration
of the optical microprobe cannot be neglected and changes over time.
We could have explicitly used more sophisticated assumptions within the mosaicing algorithm but this would have led to a space of unknowns with many more
degrees of freedom than we could have robustly estimated. A more viable approach
is to keep our mosaicing algorithm as it is, and embed it within a larger mosaicing
solution that encloses a set of pre- and post-processing steps. The main goal being
to feed our mosaicing algorithm only with sequences that we know can be processed.
Relation to Shot Change Detection Algorithms
To ﬁnd good sequences, we need an algorithm that segments an input Cellvizio
sequence into a set of smooth-motion sub-sequences usable for further mosaicing.
We refer to these sub-sequences as scenes. This problem of scene splitting seems
closely related to that of shot change detection which has been an active ﬁeld of
computer vision research for some time now [Gargi 00]. In this setting, even if a
rigorous deﬁnition of a shot is diﬃcult to setup, it is rather clear that a shot refers
to a sequence of frames acquired continuously with one camera. It is then often the
case that diﬀerent shots show very diﬀerent contents. Many shot change detection
algorithms are thus based on measuring variations of visual features such as color
histograms or variations of audio features [Boreczky 98]. These approaches are obviously not well suited to our setting where we only have grayscale images, no sound
and where a scene change mostly means discontinuity of the motion of the optical
probe. A number of algorithms have been proposed that perform motion analysis
or optical-ﬂow computation to determine shot changes. These methods provide
a better match for our scene-splitting problem. However, each of the individual
frames we work on often show little informative content. Pairs of images also often
have a relatively small amount of overlap compared to regular video. It is therefore
diﬃcult to perform a meaningful block-matching analysis.
Our approach to the problem of scene splitting will thus rely on a method that
searches for a global motion between the frames. This program is a rather diﬃcult
one for several reasons. First of all, it is diﬃcult to run a complete registration procedure between all the pairs of consecutive frames as the computational requirement
would be daunting. And even though we could, the problem of evaluating whether
the registration process succeeded or not is far from trivial. In [Bouthemy 99], the
authors proposed an interesting shot change detection algorithm. Their scheme is
based on a robust image registration that aims at ﬁnding the dominant motion
between consecutive frames. The quality of the registration is then evaluated by
looking at the area of support that accounts for the dominant motion. It is nice to
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see that the change decision is not directly related to the similarity metric that is
optimized during the registration but rather to an intuitive sort of agreement measure. The main problem of this approach for us lies in the computational burden
of the robust registration and on the fact that in our case, we could sometimes ﬁnd
a well accepted dominant motion when the images are mostly composed of noise.
Scene Splitting
It should be noted that our goal is not so to detect all the changes than to ﬁnd
smooth-motion sub-sequences. Our emphasis is, in the end, not to make the largest
possible mosaics but rather to be sure that every single mosaic we compute is
informative. It is thus not too problematic to over-segment the sequences. Our
approach ﬁrst looks for a global motion between consecutive frames. As we need a
conservative scene splitting, we can ﬁrst use a coarse global registration and then
check whether or not to accept the registration results. If the coarse registration is
not suﬃcient, a ﬁne registration would indeed typically get stuck.
The ﬁrst step of our scene-splitting algorithm is to discard all the frames that
have not enough informative content. One Cellvizio sequence will typically be
acquired on one given tissue type. If the clinician recorded some data while not
being in contact with the tissue, there will also be frames that show only noise
content. It is likely that the image intensities will not vary too much across the
informative frames. We found that looking at the median and median absolute
deviation (MAD) of the intensities of each frame was enough to discard all the
noise images. Our scheme is based on a simple low signal outlier rejection:
Algorithm 11 (Noise Frames Detection)
• For each frame Ik , compute the median and MAD of the image intensities:
αk = med(Ik ), βk = MAD(Ik )
• Compute the median and MAD over time of these quantities: α = med(αk ),
A = MAD(αk ), β = med(βk ), B = MAD(βk )
• For each frame k, if αk < α − 4A or βk < β − 4B, we consider it as noise.
The second step of our algorithm consists of the registration of the pairs of consecutive frames. If the pair encloses a frame that has been tagged by Algorithm 11
as being a noise only frame, we discard this pair and thus do not need to perform
a registration for it. Given a regular candidate pair, we are interested in ﬁnding
a coarse spatial transformation to align the two images. Therefore, we only look
for a translation with a pixel accuracy. This step is eﬃciently computed through a
globally optimal normalized correlation matching [Lewis 95]. This scheme is based
on a Fourier transform of the data and a spatial normalization to compute, in one
pass, the correlation coeﬃcient for each possible translation. Because of some border eﬀects, the normalized correlation matching of [Lewis 95] is however not inverse
consistent in the sense that the registration of Ik with Ik+1 does not always give
the opposite of the translation found by the registration of Ik+1 with Ik .
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In the ﬁnal step of our scene-splitting scheme, it is necessary to decide whether
the translation found by the normalized correlation matching can be accepted or
not. A natural approach would be to use a set of diﬀerent features, such as diﬀerent
image similarity metrics, to describe the pair of aligned images and train a classiﬁer
to distinguish acceptable pairs. It is however very diﬃcult to get a meaningful
training data set since even by visual inspection of the pairwise registration result,
a human expert cannot always assess whether the mosaicing algorithm will work
or not with this pair of frames among the sequence to be processed. We have thus
chosen a rather simple approach that proved to be eﬃcient. We tested a simple
threshold on diﬀerent intuitive similarity metrics such as the mean square error,
the correlation coeﬃcient, the mutual information and so on. We chose a set of
Cellvizio sequences that were representative of the data we could encounter during
the clinical trial. This data was given to the scene-splitting scheme, using diﬀerent
metrics and diﬀerent thresholds, before passing the sub-sequences to the mosaicing
algorithm. After visual inspection of the computed mosaics, we chose the best
combination of metric and threshold. As a results, we found that it was ﬁrst possible
to discard the pairs of images for which the normalized correlation matching of
[Lewis 95] provided too little overlap between the frames or provided severely inverse
inconsistent results, i.e., where the forward and backward translations disagreed
with more than ten pixels. Then, the metric we found to be the most eﬀective
turned out to be a form of normalized mean square error (NMSE):
2
P
p∈Ωk Ik (p) − Ik+1 (p + τ )
qP
2

¯
¯ 2. P
p∈Ωk Ik+1 (p + τ ) − Ik+1
p∈Ωk Ik (p) − Ik

where Ωk is the region of overlap between Ik (p) and Ik+1 (p + τ ) and where I¯k =
P
P
¯
p∈Ωk Ik+1 (p + τ )/|Ωk | are average intensities. With
p∈Ωk Ik (p)/|Ωk | and Ik+1 =
the combination of these two rules, we were able to automatically ﬁnd smooth
motion subsequences that can be processed by our mosaicing algorithm. On our
test case of 100 sequences, only one subsequence failed to provide a decent mosaic.

6.3.2

Formatting the Output for an Easier Diagnosis

Once an input Cellvizio sequence has been segmented by our scene-splitting algorithm, a possibly large number of smooth-motion subsequences are available for
further mosaicing. Some of these sequences can be composed of a very small number of frames or even a single frame. On other parts where the practitioner almost
did not move the optical microprobe, we can have a large number of frames for a
very little improvement of the ﬁeld-of-view after the mosaicing. It would neither
be informative nor computationally eﬃcient to mosaic every subsequence generated
by the scene splitting-scheme. The major drawback of generating too many mosaics is however that it goes somewhat against our goal of providing an eﬃcient
and complete representation of the pertinent information in the input sequence. If
the clinician is to trade a careful inspection of a video sequence against a careful
inspection of a possibly large amount of images, the gain for him would be minimal.
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Figure 6.4: One example montage output of our mosaicing solution on an acquisition
from the clinical trial. The clinician gets the relevant information in one glance.

After a visual examination of the outputs of the scene splitting followed by mosaicing scheme, we realized that most of the important information was naturally
contained in the largest mosaics. A discussion with the clinicians led us to only
consider the three largest ones. This fact can favorably be used to lower the computational burden of the mosaicing. From the scene-splitting algorithm, we indeed
have an estimate of the translation between consecutive frames. This leads to an
estimation of the area covered by the mosaic that would be generated from a given
input subsequence. We can thus choose the three subsequences that are predicted
to provide the largest mosaics and run the mosaicing only on those three scenes.
Compared to making a diagnosis on one image, a careful inspection of three
diﬀerent images is still somewhat tedious for the clinician. We have thus decided to
create a montage image that simply tiles the three mosaics into one single image.
We present one example of such a montage in Fig. 6.4. This has the advantage of
allowing the clinician to get all the relevant information in one glance. It is thus an
important improvement in terms of diagnosis time and cost eﬃciency.
This type of output format is also very beneﬁcial for quality control issues. As
we mentioned previously, our scene-splitting algorithm has largely been tailored by
visual inspection of the results on a rather large test sample of 100 input sequences.
It was thus necessary to be able to rapidly check for failures of the algorithm,
and assess the global quality of the results. These montages allowed us to do it
eﬃciently.
In addition to these montages, we also create a set of supporting ﬁles that
are mainly devoted to providing veriﬁcation information in case the user has some
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doubts about a mosaic. This set contains movies of the mosaicing process. The
consecutive frames are shown sequentially in a reference coordinate system with a
position that corresponds to the global spatial transformation used by the mosaicing
algorithm.

6.3.3

Distributing the Computation

Because of the size of the clinical trial we work on, the computation time required to
process all the data prohibits the use of a single computer running all the jobs. This
is all the more true that we have been investigating the use of diﬀerent parameters
on a rather large test sample before actually processing the data for the multicenter
clinical trial.
We have therefore implemented a rather simple distributed computing environment based on a data parallelism paradigm. As shown in Fig. 6.5, we use a classical
object model. A server has a list of input Cellvizio sequences on which the complete
mosaicing pipeline should be run. Several clients provide the computational force.
When a client is available, it sends a request for work message to the server. If the
server has a non-processed ﬁles in his queue, it sends a reply back stating which
job the clients needs to perform. To create this computing cluster, we used the
standard common object request broker architecture (CORBA).
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Figure 6.5: Distributed computation model. The server dispatches the ﬁles to be
processed among a pool of clients.
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Figure 6.6: The concept of live mosaicing on a sequence of lymphocytic colitis. As
time goes by (left to right), the current image (top row) is roughly register and stitched
to the current mosaic (bottom row). We therefore have a growing mosaic. Courtesy of
PD. Dr. A. Meining, Klinikum rechts der Isar, Munich.

6.4
6.4.1

Real-time User Feedback to Improve the Acquisition
Motivation

In the previous chapters, we have argued that ﬁbered confocal microscopy provided
a potential tool for optical biopsies. With the aid of our mosaicing software, we have
shown that it was possible to get at the same time a microscopic resolution and a
wide ﬁeld-of-view without having to increase the size of the optical microprobe and
thus the invasiveness.
What makes the interest of Cellvizio is not only its capability of acquiring microscopic images of tissues in vivo but mainly the fact that it allows to do so in
real time with a direct visualization by the clinician. It is exactly this that makes
it possible to unify, within a single procedure, the disease suspicion made during
endoscopy, the actual diagnosis and the treatment.
The mosaics we create with our post-processing scheme are very useful for a
careful inspection of the Cellvizio data after the endoscopy and for inclusion in the
patient record. An ideal situation would however be to have a mosaic constructed
in real time, on the ﬂy during endoscopy as shown in Fig. 6.6. Such a tool would
also help the investigator evaluate whether the area intended for examination was
adequately targeted. This work was also presented in [Vercauteren 08b].
The computational burden imposed by running the full mosaicing pipeline makes
it however impossible to get such a detailed mosaic reconstruction in real time. In
[Loewke 07], the authors proposed to use a robot to hold the probe and a set of
sensors to get an estimate of the global positioning of the frames. While such
an external information allows to ease the computational cost, using a robot will
deﬁnitely not ﬁt into the current endoscopic procedure. It will also be cumbersome
and more invasive as sensor needs to be placed at the tip of the optical microprobe.
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Figure 6.7: The graphical user interface of the live mosaicing. The clinician can see
on the same screen, the regular acquisition view on the right and the simple mosaic,
stitched on-the-ﬂy, on the left. Courtesy of PD. Dr. A. Meining, Klinikum rechts der
Isar, Munich.



  

   
   

  
    

Figure 6.8: Comparison of the real-time mosaic and the post-processing mosaic on
a Cellvizio sequence of a severe ulcerative colitis. Courtesy of PD. Dr. A. Meining,
Klinikum rechts der Isar, Munich.
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Our approach to real-time mosaicing will thus focus on keeping the ease of use
of Cellvizio at least at its current state. This implies that we have to resort to
using a purely algorithmic solution to the problem of real-time mosaicing. To let
this be feasible, we will fallback to less accurate models than the one presented in
Chapter 5 and less precise reconstruction schemes.
In addition to the real-time field-of-view enhancement target, a major goal of
our live mosaicing tool lies in the training of the practitioner. Thanks to the direct
visual feedback that the live mosaicing provides, clinicians can assess in real time
whether their acquisition is smooth and of good image quality. As shown in Fig. 6.7,
the live mosaicing will indeed provide nice-looking mosaics as long as the motion
of the optical microprobe is smooth and as long as the image quality is suﬃcient
to register pairs of consecutive images. When it is not the case, the clinician will
either see no mosaic being constructed or a rather random stitching of the input
images. This is of major interest for the Cellvizio system because without such
feedback, it is often diﬃcult for the user to assess the quality of his acquisition.
Early qualitative evaluation has shown that the live mosaicing tool has the eﬀect of
reducing the learning curve needed to harness Cellvizio. It can even improves the
quality of the acquisition for experienced users.

6.4.2

Real-time Algorithm

In Section 6.3.1, we have seen that the fast normalized correlation matching algorithm of [Lewis 95] allowed the registration results to be accurate and robust enough
to evaluate the smoothness of the motion of the optical microprobe with respect
to the imaged tissue. As a matter of fact, this algorithm also allows us to get a
decent alignment of the images in real time. The main idea of the fast normalized
correlation, is to evaluate, in one pass, the correlation coeﬃcient between the ﬁxed
image F and the translated moving image M ◦ τ for every translation τ with integer
components.
This algorithm has been designed for template matching. As such it is theoretically correct when the support of M ◦ τ is included in the support of F . It is
not completely accurate to use it when F and M have the same size. In practice
however it works also well in this case and shows manageable border eﬀects. Here
is a very brief overview of this scheme. The similarity criterion can be written as:
P
p (F (p) − F̄ )(M (p + τ ) − M̄ )
Sim (F, M ◦ τ ) qP
= γ(−τ ),
(6.1)
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where F̄ is the mean of F and M̄ is the mean of M . Let us look at the numerator
′ (p) = M ′ (−p). We
of (6.1). Let F ′ (p) = F (p) − F̄ , M ′ (p) = M (p) − M̄ and Mrev
see that
X
′
γ num (τ ) =
F ′ (p)Mrev
(τ − p)
(6.2)
p

is the convolution of the normalized ﬁxed image F ′ with the reversed normalized
′ . This can eﬃciently be computed with the Fourier transform
moving image Mrev
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F:


′
) = F −1 F(F ′ ) F ∗ (M ′ ) ,
γ num (τ ) = F −1 F(F ′ ) F(Mrev
where we used the convolution theorem and the fact that for a real signal, time
reversal of the signal is accomplished through complex conjugate of the Fourier
transform. Furthermore, as shown in [Lewis 95], running sums that compute the
integral of the image intensity and the integral of the squared image intensity are
used to compute the denominator. Once the full correlation coeﬃcient map has
been computed, we only need to ﬁnd its maximum to get the optimal translation.
Besides its fast computation time and global optimality properties, this algorithm has the very nice property of not requiring any gradient-descent like loop.
This is a very important property for real-time algorithms that needs to terminate
their computations before the deadline of the next event. If a gradient-descent like
scheme were to be used, the only way we could enforce the worst-case execution
time would be to limit the number of iterations. This implies that it would become
possible not to reach convergence.
Given that using the fast normalized correlation matching, we have a way to
register in real time the consecutive frames of the acquired Cellvizio sequence, what
we now need to do is to display a mosaic based on these alignments. It would be
possible to use a mosaic reconstruction scheme such as the one presented in Chapter 5. However, this would be computationally expensive and the computation time
would depend on the size of the imaged area. This implies a non-deterministic and
growing computation time that is incompatible with real-time processing. Therefore, we chose to use a simple dead leaves model where the current frame is simply
overlaid on top of the previous frames at a position dictated by the registration.
In addition to requiring very little computational time, this approach has the advantage on not being too sensitive to registration errors. As we do not mix the
information of several images, a small misregistration will not lead to a blurred image but rather to an image where seams are still visible at the edge of the images,
as shown in Fig. 6.7. If an undetected gross registration error appears, the good
thing is that we still visualize correctly the information of the current frame.
Thanks to this visualization mode, large alignment errors can be tolerated.
However, these errors can be tiring for the clinicians since the images can be placed
at somewhat random locations. This will cause a kind of visual ﬂicker. It would
thus be advantageous to detect gross registration errors and wipe-out the history
when such a discontinuity is detected. Again, the scheme we use needs to run in real
time and should thus use as little processing as necessary. From the fast normalized
correlation matching, we trivially have access to the correlation coeﬃcient between
the images for the optimum translation. We found that, for the real-time algorithm,
a simple threshold on this correlation coeﬃcient was suﬃcient to provide decent
visual comfort to the clinician.
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Table 6.1: A qualitative evaluation of the usefulness of the live mosaicing during
GI endoscopy. Three diﬀerent investigators have been using Cellvizio for some time
and have then been given the opportunity to test live mosaicing. They answered
the following questions after at least several tens of Cellvizio procedures with live
mosaicing. The answers written in the table are direct quotes from the investigators.
A
How often do you use the Every patient
live mosaicing mode with respect to the classical acquisition mode?
When using the live mosaicing 80%
mode, how often do you ﬁnd
the real-time mosaic to be informative?
Are there some protocols for No
which the live mosaicing does
not bring any added value?

When using the live mosaicing
mode, how often do you look
at the mosaic window with respect to the movie only window?

6.4.3

B
C
Now 100% Every patient

100%

75%

No

I think it is always an
advantage. It provides
an idea, how stable you
are and how far you slip
with the probe. It also
gives you an idea on how
to cover more than just
one spot in case the area
is very stable.
50%

Stable picture: no 80–90%
need to look at
mosaicing. Movement:
look at
mosaicing window
only.

Evaluation of Live Mosaicing

As shown in Fig. 6.8, even in simple mosaicing problems, the output of the live
mosaicing naturally does not matches the output of the post-processing mosaicing
algorithm in terms of image quality, image details and signal to noise ratio. It
however still does a pretty good job for a real-time algorithm.
Once again, this type of algorithm is very diﬃcult to validate as we do not have
access to a ground truth data that we could use to compare to. In Chapter 5, we used
the fact that our post-processing mosaicing algorithm also provides an estimation
of the position of the optical microprobe. We compared the trajectory found by our
algorithm with the path imposed by a high precision computer numerical control
robot. We could use the same approach to evaluate the real-time algorithm but it
would not be that meaningful. What we actually need is indeed to provide feedback
to the clinician on the stability of the motion, and show him a rough mosaic. This
is not directly related to how accurately the motion can be estimated.
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In order to judge the clinical relevance of our live mosaicing tool, we have thus
decided to perform a qualitative evaluation based on clinical expertise. The three
investigators involved in the clinical trial had been working with Cellvizio for some
time before we gave them the live mosaicing software shown in Fig. 6.7. After
a short training period, the investigators were given the opportunity to use the
live mosaicing or not. After a few tens of patients each, we asked them to rate the
usefulness of our tool based on a few questions that are listed in Table 6.1. It can be
seen from the results that all the investigators chose to keep using the live mosaicing
during the acquisition. This fact only should support the clinical relevance of the
scheme. With a subjective perspective, we also found that the data we received from
the investigators became better suited for the post-processing mosaicing solution.

6.5

Clinical Trial Outcome

This section is still work in progress. The acquisition of the data by the clinical
investigators is planned to be ﬁnished in early 2008. Even if partial data has already
been acquired and evaluated by histopathology, it is not possible to provide a partial
measure of the clinical trial outcome. This would indeed require us to infringe the
anonymization and randomization of the data before the end of the clinical trial.
Obviously this would be unacceptable.
To get an early qualitative feeling of the performance of our mosaicing solution,
we present in Fig. 6.9 and Fig. 6.10 the result of our tool on 24 random Cellvizio
sequences taken from the sequences we have already received and processed. The
ﬁnal quantitative results are expected for mid-2008.

6.6

Discussion

The importance of validation of biomedical image processing methods is now well
recognized [Jannin 02]. It brings to light the important characteristics of algorithmic systems for the clinicians and helps them evaluate their potential beneﬁts and
shortcomings. Without a thorough clinical evaluation of a given biomedical image
processing scheme, it is impossible to estimate the value of a new development in
terms of clinical value or economic repercussions.
In this chapter, we have focused on the critical public health question of early
cancer detection for patients suspected of having Barrett’s esophagus. We proposed
to enhance the potential beneﬁts of using ﬁbered confocal microscopy for Barrett’s
esophagus screening by using adapted video mosaicing techniques. Cellvizio may
eventually allow the clinician to make a real-time evaluation of the malignancy of
the tissues. It should also improve the speciﬁcity and sensitivity of the diagnosis
which is currently based on a somewhat random biopsy protocol. The mosaicing
tools we proposed should help the clinician go one step further by giving him more
conﬁdence in his ﬁndings and by allowing him to see all the relevant information of
the Cellvizio data in one single glance.
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Figure 6.9: Mosaicing results on 12 (out of more than 700) random sequences from
the clinical trial. Note that if the complete sequence can be splitted in less than three
scenes, the montage will obviously include less than three mosaics.
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Figure 6.10: Mosaicing results on 12 other (out of more than 700) random sequences
from the clinical trial.
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We have also seen in this chapter that moving a given algorithm from bench to
bedside is far from being straightforward. A great deal of eﬀort was put on engineering a complete mosaicing solution that could ﬁt in the current routine medical
protocol. We have developed a scene-splitting algorithm that ﬁnds the smoothmotion parts of a Cellvizio sequence. A simple distributed computing architecture
has been built to deal with the computational requirements. A collaboration with
the clinicians led us to design a user-friendly output format for our results. Finally,
a live mosaicing scheme was proposed to provide direct visual feedback to the investigators and help them improve their acquisitions. Qualitative evaluations showed
that our tools have proved to meet the clinicians demands.
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We have seen in this thesis that ﬁbered confocal microscopy provides the ability
to image biological tissues in vivo and in situ with a spatio-temporal resolution
which is suﬃcient to observe life at the cellular level as it happens. FCM, and
especially Cellvizio by Mauna Kea Technologies, is thus a potential tool for clinicians
and biologists to conduct dynamic optical biopsies.
Our goal throughout the manuscript has been to show how advanced image
processing and image registration schemes could help move beyond some hardware
limitations of the imaging device. We will now brieﬂy review the contributions we
presented in the course of this manuscript and will conclude by proposing some
possible extensions of our work.

7.1
7.1.1

Contributions
Methodological Contributions

As with many theses in the ﬁeld of biomedical image analysis, the most important
contributions in terms of research are the ones that can be transferred to solve
other problems. In this section, we focus on the theoretical aspects of the work we
presented in this manuscript.
Our ﬁrst signiﬁcant methodological contribution, presented in Chapter 3 and
[Vercauteren 07b], illustrates the importance of moving the ﬁndings in one given
ﬁeld of study to another. In this chapter, we indeed showed that the ESM framework
of [Benhimane 04, Malis 04] could advantageously be transposed from vision-based
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robot control to biomedical image registration. The emphasis was set to provide
a sound mathematical treatment of the ESM framework with as much insight as
we could to help us generalize it. We showed that the key to this scheme was to
take into account the speciﬁcity of the image registration problem whereas, in other
works, registration is often treated as a generic optimization case.
One important thing to notice is that some information about the optimal image
alignment between two images can be gathered without knowing what the optimal
alignment is. Indeed, especially in the mono-modal case, given the optimal alignment, we know that the warped moving image should be very close to the ﬁxed
image. From this information, we can compute the derivative of the similarity criterion at the optimum and boost the convergence rate of image registration schemes.
In Chapter 3, this information was used for linear image registration while in Chapter 4, it allowed us to provide interesting theoretical roots to an eﬃcient variant of
Thirion’s demons algorithm [Vercauteren 07b]. To the best of our knowledge, this
is the ﬁrst theoretical explanation of this symmetric forces variant.
We have highlighted the fact that spatial transformation spaces can also provide
additional information to the optimization schemes. In most registration cases, we
do not deal with classical vector spaces but rather with Lie groups. We showed
throughout this thesis that the geometric structure of these Lie groups could be
used in a very principled manner and that the additional computational burden
was far from being problematic. We have seen that optimization on a Lie group
could be achieved by using an unconstrained optimizer on the Lie algebra and
projecting the update step back to the Lie group through the exponential map
(s ← s ◦ exp(u)). This is to contrast with a classical additive update rule (s ←
s + u) that requires a constrained optimizer to respect the geometry of the Lie
group. Following the ESM framework, such a geometric optimization was used
in Chapter 3 and [Vercauteren 07b] to take into account the constraints of linear
spatial transformation groups. In Chapter 4 and [Vercauteren 07d], we proposed
the ﬁrst use of this geometric optimization framework in the context of non-rigid
non-parametric image registration. This led us to our fast diﬀeomorphic image
registration algorithm based on Thirion’s demons.
Based on similar ideas and borrowing the Lie group point of view on spatial
transformations, we proposed in Chapter 5 and [Vercauteren 05, Vercauteren 06],
a robust algorithm that uses local pairwise image registration results to compute a
global, groupwise, multi-image alignment. Our formulation uses a Riemannian distance between spatial transformations and a least-square approach to get a globally
consistent alignment of the input frames. This is close to a Fréchet mean approach.
An independent work showed that our approach also provides interesting results for
the problem of 3D ultrasound mosaicing [Wachinger 07].
In our mosaicing algorithm, we pushed the modeling of the spatial transformations one step further. Since ﬁbered confocal microscopy images are distorted by
motion artifacts, we needed to estimate the velocity of the optical microprobe. We
proposed a hierarchical approach that iterates between using ﬁnite diﬀerences to
estimate velocities based on position information and ﬁnding position information
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based on registration of motion-compensated input frames [Vercauteren 06]. An
additional important contribution in this context is the extensive technical validation we performed. By comparing the path of the optical microprobe with the one
imposed by a robot, we have been able to evaluate the accuracy of our schemes
with respect to some ground truth data.

7.1.2

Contributions in Terms of Applications

The ﬁeld of biomedical image analysis is at the same time a technology-driven and
an application-oriented research ﬁeld. As such, applications have played a crucial
role in this thesis. They ﬁrst represent challenges to solve and, once a potential
solution is found, the ﬁnal goal is always to perform an applicative validation.
In Chapter 2, a fair comparison of diﬀerent image reconstruction schemes allowed us to choose, based on grounded basis, the algorithm that best meets the
requirements of ﬁbered confocal microscopy.
If image registration has mostly been treated as a building block for our mosaicing algorithm, we have also shown another important application of it in Chapter 3.
The eﬃcient linear image registration scheme of Chapter 3 was coupled with vessel
segmentation and kinetic analysis. This led us to a region tracking algorithm that
enables the measurement of cell traﬃcking in microvessels [Perchant 07]. To the
best of our knowledge, there had been no previous attempt to perform blood ﬂow
velocity measurement on a sequence acquired in vivo with global tissue motion.
In Chapter 5 and [Vercauteren 06, Thiberville 07, Becker 07], we presented how
the mosaic images we create can help the clinician or biologist to get an eﬃcient
and complete representation of a Cellvizio sequence. The actual application of
mosaicing was, however, only fully presented in Chapter 6 where we included an
evaluation of our algorithm in a multicenter clinical trial. Our goal was to integrate
all facets of clinical constraints to propose a complete mosaicing solution usable by
medical investigators. This also led us to develop a real-time mosaicing algorithm
that serves as a conﬁdence measure and quality feedback for the clinicians. We
have seen that, thanks to this visual feedback, the quality of Cellvizio acquisitions
improves even for experienced practitioners.

7.1.3

Software Contributions

For the customers of Mauna Kea Technologies, the most important contributions of
this thesis are the ones they can use, meaning those that are implemented and are
available to clinicians and biologists. We have therefore implemented most of the
algorithms presented here within Mauna Kea Technologies proprietary softwares.
The real-time image reconstruction scheme we chose and implemented is now used
for every single image seen by a Cellvizio user. The post-processing mosaicing
algorithm and the associated image registration schemes are planned to be released
in 2008 but are already used on a daily basis for the clinical trial of Chapter 6.
Similarly, the real-time mosaicing algorithm is being used on a daily basis by the
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clinical investigators of the multicenter trial and should be released in early 2008.
Software is not only important for end-users but also for other researchers in
our ﬁeld. As pointed out in [Kovačević 06, Yoo 05], real scholarship in computational sciences should not only include research articles but also software and data
to reproduce the results. If such reproducible research is often diﬃcult in practice,
it is all the more true for biomedical imaging where the data can often not be made
accessible. It was not the main goal of this thesis to deﬁnitely move towards reproducible research. However, we thought that it would be very interesting to provide
access to a reference implementation of our most important methodological contribution. An open-source implementation of our diﬀeomorphic demons algorithm
using the Insight Toolkit can thus be found in [Vercauteren 07c]. Our diﬀeomorphic
demons implementation has also been integrated into MedINRIA, the free medical image navigation and research tool of Asclepios research group, INRIA Sophia
Antipolis [Toussaint 07]. It is thus easily available to clinicians of diﬀerent medical
imaging specialties. It is, for example, already used within the European project
IST-2004-027749 Health-e-Child.

7.2

Perspectives

Many short term research directions have already been presented in the conclusion
of the previous chapters. In this section, we summarize the most important ones
and present some potential directions for long-term research.

7.2.1

Incorporating More Prior Knowledge

The ﬁrst direction we propose is to use even more prior knowledge about the physics
of acquisition. We have, for example, seen in Chapter 5 that mosaicing allowed us, to
some extent, to achieve some super-resolution. However, our mosaic reconstruction
scheme does not take advantage of the information resulting from the optics and the
imaging device. To get a true super-resolution eﬀect, we would need a reconstruction
algorithm that takes into account the point spread function (PSF) of the system.
The problem is that each ﬁber optic in the bundle may have a diﬀerent PSF. It
might thus be worth looking at the frames theory that allows us to model a system
with a spatially varying PSF. We refer the interested reader to [Mallat 99] for
an overview of the frames theory. This approach would also require an accurate
method to estimate the PSF of each ﬁber. Such a study would also open the way for
the deconvolution of Cellvizio images in cases where the optical properties and the
sampling distance do not fully meet the sampling theorem criterion. For classical
benchtop confocal microscopy, deconvolution is already an active ﬁeld of research,
see e.g. [Dey 06]. If the PSF of the system can not be assessed before imaging, one
could also rely on blind or semi-blind, i.e. parametric, deconvolution algorithms
[Pankajakshan 07].
From the applicative point of view, we have seen that our mosaicing tools can be
used for translational research. We have shown mosaics for small animal imaging
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and clinical research. An additional step would be to use our tools within an
actual clinical routine workﬂow. Furthermore, it would be interesting to adapt the
mosaicing solution we developed for the multicenter clinical trial to each speciﬁc
application. We could take into account the requirements of the applications, and
the prior knowledge we have, to design custom mosaicing solutions.

7.2.2

Introducing Other Modalities

With a growing number of target-speciﬁc ﬂuorescent dyes and new bio-engineered
mouse models available for the biologists, benchtop confocal microscope manufacturers have developed a new generation of benchtop microscopes. They feature multiple excitation wavelengths and detection channels, and are thus capable of measuring simultaneously the distribution of several ﬂuorescent markers. In [Jean 07],
the authors proposed a multispectral ﬁbered confocal microscope that potentially
allows for multilabeling studies in vivo. Some typical images appear in Fig. 7.1.
We have shown that our mosaicing algorithm worked with both ﬂuorescence and
reﬂectance ﬁbered confocal microscopy on images acquired on small animals and
on humans. It would still be a great challenge to adapt the algorithms presented
in this thesis to the video sequences acquired with a multispectral Cellvizio. Each
spectral band could potentially present diﬀerent motion artifacts as the acquisition
of the diﬀerent bands need not be simultaneous.

(a) Thyroid stained with
To-PRO-3 and DiA

(b) Cervix stained with
YOYO-1 and DiD

(c) Colon stained with
To-PRO-3 and DiA

Figure 7.1: Multilabeled human tissues imaged ex vivo using a multicolor ﬁbered
confocal microscope prototype developed by Mauna Kea Technologies.

As far as other modalities are concerned, we have mentioned that mosaicing
can help bridge the gap between macroscopic imaging devices such as MRI and
PET and microscopic modalities such as ﬁbered confocal microscopy. Figure 7.2
shows an early proof of concept of this potentiality. Figure 7.3 displays a clinical
setup where the clinician acquires at the same time, in the small bowel, endoscopic
images with a double balloon enteroscope and microscopic images with a Cellvizio
under X-ray visual control [Miehlke 07]. Future research should aim at developing
this potential. We will need to register, or at least colocalize when the imaging
scales are still too diﬀerent, images from very diﬀerent modalities. A potential
solution would be to integrate the Cellvizio and our mosaics within a macroscopic
image tracking and computer-aided diagnosis tool such as the one presented in
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Figure 7.2: Bridging the gap between macroscopic and microscopic modalities: a
proof of concept. Top left: Ficus Benjamina. Top right: A particular leaf showing a
vein triple point. Bottom: Autoﬂuorescence ﬁbered confocal microscopy mosaic.

Figure 7.3: Double balloon enteroscopy combined with Cellvizio imaging under X-ray
control enables multimodal visualization of the small bowell [Miehlke 07]. Courtesy of
Pr. Dr. Stephan Miehlke, Dresden University of Technology.

[Glocker 07]. This problem will also require 3D to 2D image registration algorithms
such as the ones presented in [Groher 06].

7.2.3

Registration

From the eﬃcient registration algorithms we presented in this thesis, several possible perspectives emerge. Let us look at the spatial transformations ﬁrst. For
some speciﬁc applications such as brain research, incorporating prior knowledge
would be beneﬁcial to drive the non-rigid registration algorithm. More advanced
regularization terms could, for example, be used in the cost function. One possible extension would be to use our diﬀeomorphic update rule in combination with
eﬃcient schemes to solve the linear equations that arise from the linearization and
discretization of Euler-Lagrange equations associated with the image registration
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problem [Cahill 07].
We have seen only a small diﬀerence between the compositive demons and the
diﬀeomorphic demons. This leads to the conclusion that the current limit of our
non-rigid registration algorithm might not really be the update rule but rather the
representation of the spatial transformation. It might be advantageous to see how
our eﬃcient scheme could be adapted to use a particle representation for diﬀeomorphisms such as in [Marsland 07].
Another direction of research would be to incorporate multimodal similarity
criterion within our scheme. A sensible way of doing it could be to divide the
ﬁrst step of the demons, intensity matching, into an EM approach to multimodal
similarity such as in [Zöllei 07]. Another approach would be to directly look for the
ﬂow of multimodal similarity metrics such as in [Hermosillo 01, Hermosillo 02]. We
have also started working with Boon Thye Thomas Yeo, MIT, on extending our tools
to diﬀusion-weighted images whose registration is still a challenge [Faugeras 07].

7.2.4

Mosaic Analysis

Finally, a natural continuation to our work would be to use our mosaicing algorithm
as a preprocessing step to feed advanced quantitative tools. The cell traﬃcking
analysis algorithm we presented in Chapter 3 can be seen as a proof of concept for
using registered video sequences as an input to quantitative analysis. Obviously,
more work can be done.
An important contribution would be to design some computer-aided diagnosis tools to classify the diﬀerent types of tissue encountered in a speciﬁc disease
surveillance protocol such as the Barrett esophagus one we presented in Chapter 3. Some endoscopists have indeed only a basic histopathology background. It
is not always easy for them to interpret the microscopic data that Cellvizio provides. Computer-aided diagnosis could help them reduce the learning curve needed
to make a conﬁdent diagnosis. Potential solutions for such classiﬁers might rely on
visual features extraction, coupled with trained classiﬁers such as in [Golland 03].
We could also use shape extraction paired with a stochastic shape analysis such as
in [Golland 05, Stoyan 96].
As we can see from these diﬀerent potential extensions, dynamic in vivo and
in situ microscopy uncovers several opportunities for future research. We have
highlighted a number of open problems ranging from theoretical to very applied
ones. We are convinced that combining these imaging devices with advanced image
processing schemes may decisively transform the ﬁeld of biomedical imaging.
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