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Resumen

En esta tesis se ha propuesto una metodología para la reconstrucción de sujetos
en 3D y sus deformaciones haciendo uso de sensores de propósito general y
técnicas de registro. Las principales fases en los sistemas de visión 3D por
computador incluyen la adquisición, el alineamiento de diferentes vistas y el
análisis final. Para proporcionar los datos apropiados a la fase de análisis, la
adquisición debe obtener datos que puedan ser utilizados por el método de
alineamiento, o registro, para estimar correctamente el modelo final que será
analizado. En esta tesis, la investigación se centra en proveer un conjunto de
métodos para mejorar la percepción y el registro en situaciones adversas donde
el proceso se desarrolla en el límite de la sensibilidad del sensor.

Para ello, se ha hecho un estudio de trabajos relacionados mostrando las
principales propuestas, y los problemas que aun requieren de una solución. La
baja sensibilidad de la cámara en relación a los requerimientos de una aplicación
específica produce, en algunos casos, situaciones donde las características no
pueden ser percibidas de forma única en la imagen. Los métodos de registro
utilizan estas características para calcular el alineamiento. Por lo tanto, si no se
extraen características fiables en la adquisición, el método puede no ser capaz
de alinear de forma correcta los datos. Estas situaciones pueden empeorar en
presencia de ruido, datos atípicos, falta de datos, etc. Puesto que estos prob-
lemas no son específicos de una aplicación en concreto, en esta tesis propongo
una metodología general para solventar problemas de registro en situaciones
adversas.

La propuesta para el desarrollo de una metodología para la reconstrucción
3D se formaliza en el Modelo de Visión Activa definido para Tareas de Registro.
Este modelo extiende el Modelado de Visión Activa definido inicialmente en
la tesis de Andrés Fuster, y continuado por Jorge Azorín. En él, defino los
elementos que intervienen en el proceso de adquisición en situaciones adversas,
y las transformaciones que mejoran la percepción del sistema de adquisición
para mejorar los problemas de registro.

En el análisis del estado del arte se han estudiado los principales tipos de



sensores 3D, y he concluido que los sensores de propósito general RGB-D son
muy interesantes para evaluar las propuestas. Estos sensores tienen una sen-
sibilidad que puede ser apropiada para un gran número de aplicaciones pero
no está optimizada para un caso específico. Por lo tanto, es posible evaluar la
propuesta llevando a cabo la experimentación en los límites de la sensibilidad
de estos sensores. Además, han sido ampliamente utilizadas en trabajos de in-
vestigación debido a sus características de portabilidad, flexibilidad, por su bajo
coste económico, por proporcionar color y profundidad, etc. También, nuevas
aplicaciones que hagan uso de estas cámaras pueden suponer un gran impacto
social.

La metodología propuesta incluye dos sub-objetivos: el desarrollo y la evalu-
ación de un método de registro rígido para solventar problemas de baja sensibil-
idad mediante una aproximación basada en modelo; y el desarrollo y evaluación
de un método de registro no rígido que solvente problemas de baja sensibilidad
incorporando múltiples espacios de datos en el proceso.

Para proporcionar un método de registro rígido que alinee conjuntos de pun-
tos 3D, propongo en esta tesis un método basado en modelo que usa marcadores
3D para solventar problemas de baja sensibilidad y ruido. Estos marcadores
son objetos compuestos por caras planas con geometría sencilla (e.g. cubos,
pirámides, dobles pirámides...). Los modelos de los planos de cada cara del mar-
cador se estiman previamente para minimizar el efecto del ruido, datos atípicos
o falta de datos. Para extraerlos, he propuesto el método Multiplane Model Es-
timation (MME). Este método usa conocimiento previo (suministrado en forma
de restricciones para la solución del modelo a estimar) del objeto para calcular
de forma precisa los planos en los que cada cara se modela. Este método tiene
dos pasos. Inicialmente, propongo el método Point Cloud Clustering (PCC)
para estimar los puntos que pertenecen a cada cara. Los puntos se agrupan
utilizando el kMeans con los puntos y las normales. Tras esto, las restricciones
se utilizan para decidir que grupos definen las caras de los marcadores. A con-
tinuación se extraen los planos que definen a cada grupo. Para este proposito,
se propone una variante de RANSAC llamada Multiple-Constraints RANSAC
(MC-RANSAC). Con los modelos iniciales de las caras, se evalúan las restric-
ciones que definen el objeto (en este caso se utilizan ángulos entre normales de
cada cara). La propuesta se ha evaluado usando datos sintéticos y reales. Se
han evaluado tres objetos, un cubo, una pirámide y una doble pirámide. Los
datos sintéticos, obtenidos con el Blensor, un plug-in de Blender, el PCC mues-
tra una tasa de agrupamiento correcto de los puntos por encima del 50%, y en
el caso de los datos reales los resultados muestran un agrupamiento correcto
evaluado mediante inspección visual. MC-RANSAC un error máximo acumu-
lado de 4 grados para todos los test. El método se ha comparado con una



variante de RANSAC con datos agrupados, proporcionando mejor estimación
de los modelos en la mayoria de casos.

Con los modelos de los marcadores, propongo un método de registro rígido.
El método, acuñado como MUltiplane 3D MArker based Registration method
(µ-MAR), que utiliza los marcadores, concretamente cubos, para evitar los prob-
lemas con el ruido y la baja sensibilidad. Este método alinea los planos de los
marcadores simultáneamente para finalmente transformar todo el entorno, re-
construyendo así el objeto de interés. La rotación se calcula con las normales,
y la translación haciendo uso de las proyecciones de los centroides en los planos
objetivo correspondientes. Todo este proceso se incluye en un marco de Multi-
vistas que alinea iterativamente un conjunto de vistas. La propuesta se ha
evaluado con datos sintéticos y reales. En el caso de los datos sintéticos, se han
evaluado cuantitativamente formas simples mediante la distancia de Hausdorff
comparándolo con el ICP. El método propuesto obtiene mejor alineamiento en
todos los casos. Para evaluar el método en situaciones reales, se ha hecho una
comparativa de varios métodos del estado del arte, incluyendo ICP, RANSAC,
KinectFusion, RGBDemo y mi propuesta µ-MAR. El método propuesto obtiene
mejor exactitud de registro para todos los casos evaluado mediante inspección
visual.

Para el análisis de las deformaciones de sujetos, se presenta un nuevo marco
de trabajo para el registro no rígido. En este marco, propongo la combinación
de múltiples espacios (e.g. localización, orientación, color, topología...) para
mejorar la percepción de las características necesarias para estimar la transfor-
mación. El uso de diferentes espacios reduce la incertidumbre en aquellos casos
donde las correspondencias no se pueden determinar claramente. La propuesta
se basa en el Coherent Point Drift (CPD), extendiéndolo para manejar múltiples
espacios. Se presenta un estudio de diferentes combinaciones de información de
color y localización. Concretamente, el marco se instancia para el registro de
datos de localización usando color y localización en el cálculo de corresponden-
cias, llamado Colour Coherent Point Drift.

La evaluación del CCPD con datos tanto reales como sintéticos, ha mostrado
buenos resultados del método en diferentes situaciones. Los datos sintéticos in-
cluyen formas sencillas y formas realistas. Las primeras son un pez y una cara
como formas sencillas, que demuestran que el método es capaz de superar proble-
mas de ruido, datos atípicos y falta de valores. El error RMS muestra una mejor
exactitud de registro del CCPD frente al CPD. Las formas realistas, obtenidas
con el Blensor, muestran dos deformaciones en una flor y una cara (una defor-
mación pequeña y otra mayor), Las deformaciones de la cara son elásticas ya
que la topología se preserva, mientras que las deformaciones de la flor cambian
la forma como un alargamiento por crecimiento. Además, como mejora de los



datos de entrada, cinco técnicas de muestreo han sido evaluadas incluyendo in-
terpolación bilineal, basada en normales, basada en color, combinando normales
y color, y basada en GNG. El registro del CCPD mejora el registro del CPD
para estos test mediante inspección visual. Finalmente, la experimentación con
datos reales utilizando un sensor RGB-D Primesense Carmine para tres expre-
siones faciales, muestra, por inspección visual, una mejora en la exactitud del
registro para el método propuesto frente a la versión original.

Finalmente se presentan las conclusiones que resumen las principales con-
tribuciones de la tesis y se proponen varias líneas futuras que incluyen las difer-
entes partes de la tesis, tanto adquisición, registro rígido y registro no rígido.
Además, se presentan las publicaciones asociadas a la investigación.



Resum

En aquesta tesi s’ha proposat una metodologia per a la reconstrucció de sub-
jectes en 3D i les seues deformacions fent ús de sensors de propòsit general
i tècniques de registre. Les principals fases en els sistemes de visió 3D per
computador inclouen l’adquisició, l’alineament de diferents vistes i l’anàlisi fi-
nal. Per a proporcionar les dades apropiades a la fase d’anàlisi, l’adquisició ha
d’obtenir dades que puguen ser utilitzades pel mètode d’alineament, o registre,
per a estimar correctament el model final que serà analitzat. En aquesta tesi,
la recerca se centra a proveir un conjunt de mètodes per a millorar la percepció
i el registre en situacions adverses on el procés es desenvolupa en el límit de la
sensibilitat del sensor.

Per la qual cosa, s’ha fet un estudi de treballs relacionats mostrant les prin-
cipals propostes, i els problemes que encara requereixen d’una solució. La baixa
sensibilitat de la càmera en relació als requeriments d’una aplicació específica
produeix, en alguns casos, situacions on les característiques no poden ser perce-
budes de forma única en la imatge. Els mètodes de registre utilitzen aquestes
característiques per a calcular l’alineament. Per tant, si no s’extrauen carac-
terístiques fiables en l’adquisició, el mètode pot no ser capaç d’alinear de forma
correcta les dades. Aquestes situacions poden empitjorar en presència de soroll,
dades atípiques, falta de dades, etc. ja que aquests problemes no són específics
d’una aplicació en concret, en aquesta tesi propose una metodologia general per
solucionar problemes de registre en situacions adverses.

La proposta per al desenvolupament d’una metodologia per a la reconstrucció
3D es formalitza en el Model de Visió Activa definit per a Tasques de Registre.
Aquest model estén el Modelatge de Visió Activa definit inicialment en la tesi
de Andrés Fuster, i continuat per Jorge Azorín. En ell, definisc els elements que
intervenen en el procés d’adquisició en situacions adverses, i les transformacions
que milloren la percepció del sistema d’adquisició per millorar els problemes de
registre.

En l’anàlisi de l’estat de l’art s’han estudiat els principals tipus de sensors
3D, i he conclòs que els sensors de propòsit general RGB-D són molt inter-



essants per avaluar les propostes. Aquests sensors tenen una sensibilitat que
pot ser apropiada per a un gran nombre d’aplicacions però no està optimitzada
per a un cas específic. Per tant, és possible avaluar la proposta duent a terme
l’experimentació en els límits de la sensibilitat d’aquests sensors. A més, han
sigut àmpliament utilitzades en treballs de recerca a causa de les seues carac-
terístiques de portabilitat, flexibilitat, pel seu baix cost econòmic, per propor-
cionar color i profunditat, etc. També, noves aplicacions que facen ús d’aquestes
càmeres poden suposar un gran impacte social.

La metodologia proposada inclou dos sub-objectius: el desenvolupament i
l’avaluació d’un mètode de registre rígid per solucionar problemes de baixa
sensibilitat mitjançant una aproximació basada en model; i el desenvolupament
i avaluació d’un mètode de registre no rígid que soluciona problemes de baixa
sensibilitat incorporant múltiples espais de dades en el procés.

Per proporcionar un mètode de registre rígid que alinee conjunts de punts
3D, propose en aquesta tesi un mètode basat en model que usa marcadors 3D per
a solucionar problemes de baixa sensibilitat i soroll. Aquests marcadors són ob-
jectes compostos per cares planes amb geometria senzilla (i.g. cubs, piràmides,
dobles piràmides...). Els models dels plànols de cada cara del marcador s’estimen
prèviament per minimitzar l’efecte del soroll, dades atípiques o falta de dades.
Per extraure’ls, he proposat el mètode Multiplane Model Estimation (MME).
Aquest mètode usa coneixement previ (subministrat en forma de restriccions
per a la solució del model a estimar) de l’objecte per calcular de forma precisa
els plànols en els quals cada cara es modela. Aquest mètode té dos passos.
Inicialment, propose el mètode Point Cloud Clustering (PCC) per estimar els
punts que pertanyen a cada cara. Els punts s’agrupen utilitzant el kMeans amb
els punts i les normals. Després d’açò, les restriccions s’utilitzen per decidir
quins grups defineixen les cares dels marcadors. A continuació s’extrauen els
plànols que defineixen a cada grup. Per aquest propòsit, es proposa una variant
de RANSAC cridada Multiple-Constraints RANSAC (MC-RANSAC). Amb els
models inicials de les cares, s’avaluen les restriccions que defineixen l’objecte
(en aquest cas s’utilitzen angles entre normals de cada cara). La proposta s’ha
avaluat usant dades sintètiques i reals. S’han avaluat tres objectes, un cub,
una piràmide i una doble piràmide. Les dades sintètiques, obtingudes amb el
Blensor, un plug-in de Blender, el PCC mostra una taxa d’agrupament correcte
dels punts per sobre del 50%, i en el cas de les dades reals els resultats mostren
un agrupament correcte avaluat mitjançant inspecció visual. MC-RANSAC un
error màxim acumulat de 4 graus per a tots els test. El mètode s’ha comparat
amb una variant de RANSAC amb dades agrupades, proporcionant millor esti-
mació dels models en la majoria de casos.

Amb els models dels marcadors, propose un mètode de registre rígid. El



mètode, encunyat com MUltiplane 3D MArker based Registration method (µ-
MAR), que utilitza els marcadors, concretament cubs, per a evitar els problemes
amb el soroll i la baixa sensibilitat. Aquest mètode alinea els plànols dels mar-
cadors simultàniament per a finalment transformar tot l’entorn, reconstruint
així l’objecte d’interès. La rotació es calcula amb les normals, i la translació
fent ús de les projeccions dels centroides en els plànols objectiu corresponents.
Tot aquest procés s’inclou en un marc de Multi-vistes que alinea iterativament
un conjunt de vistes. La proposta s’ha avaluat amb dades sintètiques i reals.
En el cas de les dades sintètiques, s’han avaluat quantitativament formes sim-
ples mitjançant la distància d’Hausdorff comparant-ho amb l’ICP. El mètode
proposat obté millor alineament en tots els casos. Per avaluar el mètode en
situacions reals, s’ha fet una comparativa de diversos mètodes de l’estat de
l’art, incloent ICP, RANSAC, KinectFusion, RGBDemo i la meua proposta µ-
MAR. El mètode proposat obté millor exactitud de registre per a tots els casos
avaluat mitjançant inspecció visual.

Per a l’anàlisi de les deformacions de subjectes, es presenta un nou marc
de treball per al registre no rígid. En aquest marc, propose la combinació de
múltiples espais (i.g. localització, orientació, color, topologia...) per millorar la
percepció de les característiques necessàries per estimar la transformació. L’ús
de diferents espais redueix la incertesa en aquells casos on les correspondències
no es poden determinar clarament. La proposta es basa en el Coherent Point
Drift (CPD), estenent-ho per manejar múltiples espais. Es presenta un estudi
de diferents combinacions d’informació de color i localització. Concretament, el
marc s’instància per al registre de dades de localització usant color i localització
en el càlcul de correspondències, anomenat Colour Coherent Point Drift.

L’avaluació del CCPD amb dades tant reals com sintètiques, ha mostrat
bons resultats del mètode en diferents situacions. Les dades sintètiques in-
clouen formes senzilles i formes realistes. Les primeres són un peix i una cara
com formes senzilles, que demostren que el mètode és capaç de superar prob-
lemes de soroll, dades atípiques i falta de valors. L’error RMS mostra una
millor exactitud de registre del CCPD enfront del CPD. Les formes realistes,
obtingudes amb el Blensor, mostren dues deformacions en una flor i una cara
(una deformació xicoteta i una altra major), Les deformacions de la cara són
elàstiques ja que la topologia es preserva, mentre que les deformacions de la flor
canvien la forma com un allargament pel creixement. A més, com a millora
de les dades d’entrada, cinc tècniques de mostreig han sigut avaluades incloent
interpolació bilineal, basada en normals, en color, combinant normals i color, i
basada en GNG. El registre del CCPD millora el registre del CPD per aquests
tests mitjançant inspecció visual. Finalment, l’experimentació real utilitzant
dades adquirides amb un sensor RGB-D Primesense Carmine per a tres expres-



sions facials, mostra, per inspecció visual, una millora en l’exactitud del registre
per al mètode proposat enfront de la versió original.

Finalment es presenten les conclusions que resumeixen les principals con-
tribucions de la tesi i es proposen diverses línies futures que inclouen les difer-
ents parts de la tesi, tant adquisició, registre rígid i registre no rígid. A més, es
presenten les publicacions associades a la recerca.



Abstract

In this thesis a methodology is proposed for reconstructing subjects and their de-
formations using general purpose 3D sensors and registration techniques. The
main steps in many 3D computer vision systems include the acquisition, the
alignment of the different views, and the final analysis. In order to provide the
appropriate data to the analysis step, the acquisition has to obtain data which
can be used by the alignment or registration method to estimate correctly the
final model which will be analysed. In this thesis, the focus of the research is
at providing a set of methods to improve the perception and the registration in
adverse situations where the process is working in the limits of the sensitivity
of the sensor. In order to do this, a review of the state of the art has been
done to study the main proposals and the issues that still need to be solved.
Low sensitivity of a camera compared to the required by a specific application
produces, in some cases, situations where features cannot be distinctively per-
ceived in the image. The registration methods make use of these characteristics
to calculate the alignment. Then, if not reliable features are extracted in the
acquisition, the method may not be able to properly align the data. These
situations degenerate in presence of outliers, noise, missing data, etc. As these
problems are not specific for a concrete application, in this thesis I propose a
general methodology to overcome registration problems in adverse situations.

In the review of the state of the art, different kind of 3D sensors have been
studied, and I have concluded that general purpose RGB-D sensors are very
interesting to evaluate the thesis proposal. These sensors have a sensitivity
which may be appropriate for a large number of applications but is not optimized
for any specific one. Then, it is possible to evaluate the proposal by operating
in the limits of sensitivity of these sensors. Moreover, they have been widely
used in research works due to their characteristics of portability, affordability,
data provided including colour and depth, etc. Furthermore, new applications
that make use of these cameras can achieve a high social impact.

Two main sub-objectives are included in the proposed methodology: to de-
velop and evaluate a method for rigid registration which overcomes the problem



of low sensitivity using a model-based approach; and the development and eval-
uation of a non-rigid registration method that overcomes the low sensitivity
problem incorporating multiple data spaces in the process.

The methodology for 3D registration has its formal expression in the Active
Vision Model defined for registration tasks. This model instantiate the Active
Vision Model defined initially in the thesis of Andrés Fuster-Guilló and contin-
ued by Jorge Azorín-López. In it, I define the elements to take into account
in acquisition process and the transformations to improve the perception of the
acquisition system in order to overcome registration problems.

In order to provide a rigid registration method which finely align 3D point
sets, I proposed in this thesis a model-based method which uses 3D markers to
overcome the problem of low sensitivity and noise. These markers are objects
composed by planar faces with an easy geometry (e.g. cubes, pyramids, etc.).
The models of the planes for each face of the marker are previously estimated
to minimize the effects of the noise, outliers or missing data. In order to extract
them, I have proposed the Multiplane Model Estimation (MME) method. This
method makes use of prior knowledge (provided as constraints to the model
estimation solution) of the object to accurately calculate the planes in which
each face is modelled. This method has two steps. Initially, I propose the
Point Cloud Clustering (PCC) method to estimate the points that belong to
each face. The points are clustered using kMeans having points and normals
as inputs. After that, the constraints are used to decide the clusters that de-
fine the faces of the marker. After the clustering, the model of the planes are
calculated. For this goal, a variant of RANSAC called Multiple-Constraints
RANSAC (MC-RANSAC) is proposed. Using the clustered points, an initial
model composed by the normal and the centroid of each face is estimated. With
the initial planar models of the faces, the constraints that define the object (an-
gles between normals of each face in this case) are evaluated. If the planes fit
the constraints, the inliers are evaluated to finally decide if the initial planes
are accepted. The proposal is evaluated using synthetic and real data. Three
objects have been evaluated, a cube, a pyramid and a double pyramid. The syn-
thetic data, obtained with the Blensor plug-in for Blender, show for the PCC
over 50% of proper clustering of data, and in the case of real data the results
show proper clustering evaluated using visual inspection. MC-RANSAC shows
a maximum accumulative error of 4 degrees for all tested data. The method
has been compared to a clustered RANSAC variant, providing better model
estimation accuracy in most of cases.

After the models of the markers have been estimated, I propose a method for
rigid registration. The method, coined as MUltiplane 3D MArker based Reg-
istration method (µ-MAR), makes use of the markers, concretely using cubes,



to overcome noise and low sensitivity problems. This method aligns the planes
that compose the markers simultaneously to eventually transform the whole
environment reconstructing the subject of interest. The rotation is calculated
using the normals, and the translation using the projection of centroids on the
corresponding target planes. All this process is included in a multi-view frame-
work which iteratively aligns a set of views. The proposal is evaluated using
synthetic and real data. In the case of synthetic data, simple shapes have been
evaluated quantitatively using Hausdorff distance and compared to ICP. The
proposed method achieves a better alignment for all cases. To evaluate the
method in real situations, a comparison with various method of the state of the
art has been done, including ICP, RANSAC, KinectFusion, RGBDemo and my
µ-MAR proposal. The proposed method obtains better registration accuracy
for all cases evaluated by visual inspection.

To analyse the deformations of the subjects, a new non-rigid registration
framework is presented in this thesis. In this framework, I propose the combi-
nation of multiple spaces (e.g. location, orientation, colour, topology...) in order
to improve the perception of the necessary features to estimate the transforma-
tions. The use of various spaces reduces the uncertainty in those cases where
the correspondences are not clear to determine. The proposal is based on the
Coherent Point Drift (CPD), extending it to handle multiples inputs. A detailed
study of the different combinations of colour and location information is pre-
sented. Concretely, the framework is instantiated in the registration of location
data using colour and location information in the estimation of correspondences,
called Colour Coherent Point Drift (CCPD).

Both real and synthetic data have been evaluated showing the good per-
formance of the method in different situations. The synthetic includes both
easy shapes and realistic ones. The first ones are a fish and a face, used in the
original CPD, evaluating the method in presence of outliers, missing data and
large deformations. The RMS error shows a higher accuracy in registration of
the CCPD than the CPD. The realistic data, obtained using Blensor, shows
two deformations of a flower and a face (smaller and larger deformations). The
deformations of the face are elastic as the topology is preserved, whereas the
flower deformations changes the shape such as a growth enlargement. Moreover,
as an improvement of the input data, five downsampling techniques have been
evaluated including bilinear interpolation, normal-based, colour-based, a com-
bination of normal and colour-based, and a GNG sampling. The registration
of CCPD outperforms the CPD registration in these tests as well. Finally, real
experiments using a Primesense Carmine RGB-D sensor have been performed
for three face expressions, showing by visual inspection an improvement of the
registration accuracy for the proposal against the original version.



Finally, the conclusions are presented to summarize the main contributions
of this thesis and proposing different future work areas, including the different
parts involved in the thesis: acquisition, rigid registration and non-rigid regis-
tration. Moreover, the publications resulting from the research are presented.



Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.2 Context of the thesis . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.3 State of the art . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

1.3.1 Reconstruction and modelling of 3D subject deformations 9
1.3.2 3D acquisition systems . . . . . . . . . . . . . . . . . . . . 11
1.3.3 Registration . . . . . . . . . . . . . . . . . . . . . . . . . . 13
1.3.4 Conclusion of the State-of-the-art . . . . . . . . . . . . . . 17

1.4 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
1.5 Proposal . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

1.5.1 Active Vision Model for adverse conditions . . . . . . . . 21
1.5.2 Approach of solution to registration problems . . . . . . . 33

1.5.2.1 Method for rigid registration based on AVM . . 35
1.5.2.2 Method for non-rigid registration based on AVM 37

1.6 Contributions and thesis structure . . . . . . . . . . . . . . . . . 40

2 Acquisition: MME 43
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

2.1.1 Rigid registration context . . . . . . . . . . . . . . . . . . 45
2.1.2 Related works . . . . . . . . . . . . . . . . . . . . . . . . . 50

2.2 Multiplane Model Estimation . . . . . . . . . . . . . . . . . . . . 53
2.2.1 Point cloud clustering . . . . . . . . . . . . . . . . . . . . 54
2.2.2 Multi-Constraint RANSAC . . . . . . . . . . . . . . . . . 59

2.3 Experimentation . . . . . . . . . . . . . . . . . . . . . . . . . . . 63
2.3.1 Point Cloud Clustering experimentation . . . . . . . . . . 64

2.3.1.1 Analysis of inliers . . . . . . . . . . . . . . . . . 66
2.3.1.2 Processing time . . . . . . . . . . . . . . . . . . 70
2.3.1.3 Discussion about clustering . . . . . . . . . . . . 71

2.3.2 Multi-Constraint RANSAC experimentation . . . . . . . . 72



2.3.2.1 Noise-free experimentation . . . . . . . . . . . . 73
2.3.2.2 Model fitting experimentation . . . . . . . . . . 75
2.3.2.3 Plane orientation evaluation . . . . . . . . . . . 76

2.3.3 Point Cloud Clustering and MC-RANSAC . . . . . . . . . 80
2.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3 Rigid registration: µ-MAR 87
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89
3.2 Overview of the Multiplane 3D Marker based Registration method 92
3.3 Registration of marker models . . . . . . . . . . . . . . . . . . . . 94

3.3.1 Correspondence estimation . . . . . . . . . . . . . . . . . 97
3.3.2 Rotation and translation estimation . . . . . . . . . . . . 99
3.3.3 Model adjustment . . . . . . . . . . . . . . . . . . . . . . 102

3.4 Experimentation . . . . . . . . . . . . . . . . . . . . . . . . . . . 105
3.4.1 Synthetic data . . . . . . . . . . . . . . . . . . . . . . . . 105
3.4.2 Real data . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

3.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

4 Non-rigid registration: CCPD 119
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

4.1.1 Non-rigid registration context . . . . . . . . . . . . . . . . 121
4.1.2 Related works . . . . . . . . . . . . . . . . . . . . . . . . . 125

4.2 Multiple space non-rigid registration . . . . . . . . . . . . . . . . 129
4.2.1 Colour and Location information registration . . . . . . . 132
4.2.2 Colour Coherent Point Drift (CCPD) . . . . . . . . . . . 134

4.3 Experimentation . . . . . . . . . . . . . . . . . . . . . . . . . . . 136
4.3.1 Synthetic data experimentation . . . . . . . . . . . . . . . 137

4.3.1.1 2D fish experimentation . . . . . . . . . . . . . . 137
4.3.1.2 3D face experimentation . . . . . . . . . . . . . 140

4.3.2 Synthetic realistic experimentation . . . . . . . . . . . . . 141
4.3.2.1 Sampling part of ΥS . . . . . . . . . . . . . . . . 143
4.3.2.2 Non-rigid registration evaluation . . . . . . . . . 148

4.3.3 Real data experimentation . . . . . . . . . . . . . . . . . . 153
4.4 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

5 Conclusions 161
5.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 163
5.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168
5.3 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169
5.4 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 170

5.4.1 Parallel work . . . . . . . . . . . . . . . . . . . . . . . . . 171



Appendices 173

A Resumen 175
A.1 Contexto de la tesis y objetivos . . . . . . . . . . . . . . . . . . . 175

A.1.1 Objectivos . . . . . . . . . . . . . . . . . . . . . . . . . . . 180
A.2 Adquisición: Multiplane Model Estimation . . . . . . . . . . . . . 183
A.3 Registro rígido: MUltiplane 3D MArker based Registration . . . 184
A.4 Registro no rígido: Colour Coherent Point Drift . . . . . . . . . . 190
A.5 Conclusiones y contribuciones . . . . . . . . . . . . . . . . . . . . 192

B RGB-D sensor calibration 201
B.1 Calibration algorithm . . . . . . . . . . . . . . . . . . . . . . . . 205
B.2 RGB image correction . . . . . . . . . . . . . . . . . . . . . . . . 207
B.3 Depth image correction . . . . . . . . . . . . . . . . . . . . . . . 207
B.4 World coordinates . . . . . . . . . . . . . . . . . . . . . . . . . . 208
B.5 RGB - Depth alignment . . . . . . . . . . . . . . . . . . . . . . . 208
B.6 Experimentation . . . . . . . . . . . . . . . . . . . . . . . . . . . 209

C Experimental set up 211
C.1 Environment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 211
C.2 Turntable . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 212
C.3 Software . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 212

List of Figures 215

List of Tables 219

List of Algorithms 221

Bibliography 223

List of Acronyms 235

Glossary 237





Chapter 1

Introduction

This introductory chapter presents a general framework of the thesis
research project. It gives a description of the motivation that led the
research to focus on the reconstruction and deformation analysis of 3D
subjects. The state of the art presented focused on the main parts of the
process including acquisition systems and registration procedure in both
rigid and non-rigid cases. The main objectives are then presented, which
are the development of a rigid and a non-rigid registration methods able
to work in adverse conditions. A proposal is explained to formally de-
scribe the problem and solution. Finally, the structure of the remaining
document and the publications are presented.

"Making a computer see was something that leading experts in the
field of Artificial Intelligence thought to be at the level of difficulty
of a summer student’s project back in the sixties. Forty years later
the task is still unsolved and seems formidable."

Olivier Faugeras
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1.1 Motivation

The thesis presented in this document is framed in the research line of com-
puter vision techniques for perception under adverse conditions followed by my
research group, Informatica Industrial y Redes de Computadores (I2RC), in
the Department of Information Technology and Computing, of the University
of Alicante (Spain). Computer vision is a well-studied area in computer sci-
ence for many years. Despite the efforts of the scientific community in solving
the problems that arises in any situation, there are still many challenges to be
solved.

Going to the beginning of the research line of my group, my supervisor An-
drés studied 2D images in adverse situations for the project "Vision systems for
autonomous navigation" (TAP98-0333-C03-03) in [Fuster Guilló, 2003]. Many
different factors take part in a image generation, such as luminance, angle,
scale, etc. This led the work to provide a general model of vision in realistic
conditions for unstructured scenes. These kind of situations are characterized
by the variability or deficiency of the factors involved in the generation of the
image. Moreover, the implementation of the proposal in real situations guided
the development of specialized architectures for vision.

Continuing with the study of computer vision in adverse situations, my co-
supervisor Jorge aimed his research [Azorín López, 2008] at specular objects,
which produce difficulties in automatic detection of defects. Concretely, the
motivation of his work is linked with the project "Quality control of shining
and specular surfaces by artificial vision techniques" (GV05/181). In this work,
the general model presented by Andrés [Fuster Guilló, 2003] to deal with real
scenarios using computer vision is instantiated to work with specular surfaces.

After the experience of the group in computer vision based on 2D data,
which refers mainly to images, the immediate step forward seems to be 3D
information. This, and the increasing interest of the scientific community in 3D
vision, moved the attention of the team to this new area of research. Initially,
Jorge did an internship in 2009 in the School of Informatics in Edinburgh to work
with Professor Robert B. Fisher, with whom I also had the opportunity to work
with. The previous knowledge in 2D and the new skills acquired in Edinburgh
about 3D data, made all the group to move in this direction. Moreover, with
the new general purpose camera technology, for example the cameras defined
as RGB-D such as Microsoft Kinect or Primesense Carmine, this new interest
grew more and more in the team.

The project of my thesis was then starting to take shape. Initially, the
idea of automating the study of a plant growth appeared after a conversation
with a colleague of Jorge in Edinburgh, Salvador Hernández Daumas, who was
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an expert on agroforestry. The study of this topic had been carried out using
manual techniques and/or intrusive methods. Therefore, the use of non invasive
computer vision methods to analyse this kind of subjects could provide a very
useful tool and open new and very interesting research lines. Following this idea,
the group obtained founding from two projects: Three dimensional acquisition
and modelling of plants growth (GV/2013/005); Three dimensional acquisition
and modelling of plant over time (GRE11–01).

The analysis of 3D shape changes due to deformations in real scenes is stud-
ied in this thesis, making a link between the model presented and implemented
in [Fuster Guilló, 2003] and [Azorín López, 2008] and the new ideas dealt in the
projects presented before. Then, here I started my path in the scientific studies
to explore, research and contribute in 3D subject modelling and deformation
analysis under the tutorship of my two supervisors, now very good friends.

1.2 Context of the thesis

The process of studying 3D shapes and their deformations over time by com-
puter vision techniques supposes the union of different aspects from sensing to
data analysis. The deformation can be classified depending on the nature of
the change. Isometric deformations change the shape preserving the topology
and the distances between the points of the shape (e.g.: skeleton deformation
suffered in a body movement). Elastic deformations, however, preserve the
topology but the distances between points can be altered (e.g.: an aluminium
sheet is deformed to acquire the shape of a car part). Deformations caused by
growth can change the topology and the distances of the points of the shape
(e.g.: a biological growth of subjects as a person or a plant).

A common process in computer vision for 3D representation of a subject
and it analysis is compound by three main steps: acquisition, registration and
analysis. Each of these phases represents individually a wide area of research.
Figure 1.1 presents a diagram of the general aspect of a 3D representation pro-
cess and analysis, where the first step is the acquisition involved by a sensor.
Next, registration step where all data are treated to align the different views
previously acquired to form a complete appearance of the subject. Lastly, the
analysis extracts useful information from the previously treated data, for a spe-
cific purpose (e.g.: reconstruction, evaluation of the size of a subject, classifying
data, determining the normal growth of a subject, etc.).

Depending on the problem, different requirements or aspects must be con-
sidered in the three steps previously mentioned. Concretely, and making a brief
introduction of the part which will lead the objectives of this thesis, the acqui-
sition is the most critical part due to the rest of the system will depend on the
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REGISTRATION

Rigid 
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Non-Rigid 
Registration

ACQUISITION ANALYSIS

Figure 1.1: General overview of a 3D vision system for studying 3D shapes. It
includes acquisition, registration and analysis.

data provided in it. Regarding the final application, the dependence of each
part goes from lower in the acquisition to higher in the analysis phase. The ap-
plication purpose may lead the requirements in the acquisition by defining the
features that are needed to study, and hence the sensitivity to perceive them.
However, the application does not concretely define the acquisition system as
different approaches can be used (i.e. different sensors, environments...) on the
condition that the features to study can be perceived. The registration step is
more related to the application due to the information provided to the next step
is supposed to have a certain quality and format (format in terms of the poste-
rior analysis purpose, object shape, deformation shape...). Lastly, the analysis
step is highly dependant on the application due to this step will study and pro-
vide useful information from the previously treated data, and this usefulness is
defined by the application.

The acquisition process is comprised by three factors including the sensor,
the environment and the subject. Nowadays, there exist several type of 3D
sensors in terms of the technology used and the provided data (e.g. only depth,
depth and colour). Depending on the technology and the principle used to re-
cover the depth information, we can classify them into five main groups: LIDAR,
time-of-flight, stereo cameras, structured light and general purpose RGB-D sen-
sors. Each has its advantages and disadvantages. LIDAR commonly works
without colour and is a time consuming technology. Time-of-flight (ToF) sen-
sors, similarly to LIDAR, do not provide colour. Stereo systems need textured
subjects as they use intensity information to find correspondences and hence
estimate the depth. Moreover, they need a calibration process each time the set
up is performed (i.e. to re-estimate the parameters of the sensor such as focus
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or baseline, to maximize the perception for each problem or situation). Struc-
tured light is highly dependant on the pattern shape and resolution. General
purpose RGB-D sensors comprises a colour camera and a depth sensor based on
previous technologies (i.e. mainly ToF and structured light). Although, they
were conceived as a low-cost Human Computer Interface, nowadays are being
used for a wide range of applications.

The acquisition is also affected by the environment: the light and shade,
view point, and many other agents that interfere with the final obtained data.
As it was explained before, the lighting conditions directly affect the acquisition,
mainly depending on the kind of sensor. However, many other aspects must be
taken into account. For example, the angle formed by the view point of the
sensor and the object is critical when active techniques are used. Thinking in
terms of structured light, the sensor uses a defined pattern and uses the defor-
mation of this pattern to recover the shape of the surface where the pattern
has been projected. If the subject is placed with a narrow angle with respect
the point of view of the camera, the pattern is largely deformed in its distri-
bution and then the algorithm to evaluate the disparity may not be able find
matches (i.e. correspondences between the original pattern and the deformed
one). In consequence, the disparity and depth information will be erroneous.
Another situation regarding the environment is the distance from the sensor to
the subject of study, not all sensors can work in the same range. For example,
stereo cameras need a wider baseline to perceive depth information in larger dis-
tances, although in this case this baseline will be penalizing the short distances
acquisition.

Finally, the last actor involved in the acquisition step is the subject of in-
terest. The colour is an important feature to take into account due to some
sensors make use it, or the sensitivity could vary depending on the reflectance
of the colours of the subject. If the object is textureless, stereo cameras can-
not be used due to the disparity is calculated comparing intensity from the
different views (commonly two cameras). However, active stereo cameras could
overcome this problem, adding an external colour to the shape via projection,
for example. The problem could be that the actual object has been altered.
Another undesirable result can occur when objects with black colour intervene.
The reflection index of black surfaces is not adequate and then techniques that
project colours, such as structured light, can produce wrong data (i.e. depth
values that do not describe the subject of interest), or in the worst case no
data, because the projection cannot be well recovered. The surface is also im-
portant when the acquisition is performed. Specular surfaces are very difficult
to analyse either for estimating the depth or for any other kind of inspection.
The study [Azorín López, 2008] models the automatic inspection of this kind
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of surfaces. Finally, the shape of the subject is critical in its acquisition. If a
complex object needs to be reconstructed, many occlusions appear that can be
hard to overcome. As an example, a plant or tree has many stems and leaves
that occlude each other. Moreover, this example has also the problem of the
thinness of the parts, which cannot be perceived by the sensor.

Taking into account the previous aspects, it is crucial to select the proper
sensor that fits the acquisition conditions and meets application requirements
(monetary cost, accuracy, flexibility, portability...). Because the aim of this
research is to provide a methodology for reconstructing 3D subjects and their
deformations in real/adverse conditions of acquisition for general situations, a
sensor that allows the evaluation of the proposal has to be chosen. Concretely,
general purpose RGB-D sensors provide a sensitivity which meets a wide range
of applications (i.e. the sensitivity it is adequate for the requirements of the
applications). However, their sensitivity is not optimized for a specific purpose.
Thus, it is easy to evaluate the methodology in adverse situations by using
subjects which make the system behave in ranges of sensing of low sensitivity
(i.e. where the subject features cannot be distinctively perceived). Moreover,
these sensors fit many of the requirements for widespread applications in terms
of flexibility, portability, monetary cost among others. Therefore, it has been
used widely in the scientific community [Shao et al., 2014] which also motivates
their use as it will benefit research in this area.

Going a step forward in the general process for the study of 3D shapes, a
registration of the views has to be performed to align the data from different
views. This is the main topic of this thesis, and the proposals will study the
registration issues and solutions. In cases where deformations appear, for ex-
ample changes over time, this step could be split into two main parts related
to the nature of the transformation needed to align the data: rigid registration
and non-rigid registration (classification will be described in detail in the next
section). These two alignments can feedback to each other. For example, firstly
a rigid registration could be applied to reconstruct the whole shape in different
moments (e.g. a person is completely reconstructed one per day to later analyse
the changes suffered), and then using non-rigid registration issued to estimate
the changes between the shapes (e.g. the shapes could refer to reconstructions
of a person previously registered once per day).

On the one hand, rigid registration techniques suffer from noise and outliers.
Despite several efforts have been done by scientific community in this problem,
there exist situations were it is not possible to align properly different data.
Situations where the sensitivity of the sensor difficult the system to perceive
the features of the subject to find good correspondences, may result in incorrect
estimation of the transformations. Then, new proposals need to be specified to



8 1.2. Context of the thesis

overcome these problems by improving the data acquired or using other features
which can be robustly estimated.

Non-rigid registration, on the other hand, is affected by the noise, outliers,
missing data and large deformations in a different manner. Here, if the method
is a free-form non-rigid registration, the data could suffer overfitting, which will
cause correct points be transformed into incorrect locations due to the noise.
Moreover, outliers and missing data will end in a deformation that will bring
data to a location were no data should appear. Hence, if the initial position of
the data set to be transformed respect to the target set is not close enough to
the final position, the noise and outliers will difficult to achieve a proper result.
Therefore, when the problem allows it, a pre-registration using rigid techniques
could provide a initial situation which will improve the final alignment. Addi-
tionally, large deformations are very difficult to model (e.g.: deform a seed to
become a plant). Currently, non-rigid or deformable registration is a subject
undergoing intense study by the scientific community. One of the main contri-
butions of this thesis is focused in the improvement of non-rigid registration in
adverse conditions.

The last step of the common system includes the analysis. In it, the data
resulting the previous steps are studied to extract the information required by
the application. For example, if the application is the representation of subjects,
after acquiring the subject, and aligned all views, the analysis step will extract
a geometric model of the surface from the points. However, if the application is
focused on providing measurements of the shape, the analysis will extract sizes,
volumes and any other value required by the application.

The thesis presented in this document is not focused in any specific appli-
cation. Then, the problems or the proposals will not be defined by a specific
subject of interest, sensor to use, environment condition or expected accuracy.
The problems will be defined as generic, depending on the requirements of each
possible application, i.e. the elements of the subject to study, the sensitivity of
the sensor to perceive these elements of the subject, and the environment condi-
tions that allow the perception. Then, in registration step, I do not classify the
level of registration accuracy depending on the size of the subject, but on the
feature size used to estimate the registration transformations. In other words, if
it is need to register several views of a room to guide a robot move through the
house may require less accuracy than a registration of the same room to guide
a robot painting the walls. Other example could be to study the changes in the
expression of a face, where it may require less accuracy if global face expression
is studied (eyebrow movement, mouth smile), than if the wrinkles are used to
estimate the face changes. However, the proposed methodology will be adapted
and instantiated for the specific problem.
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With these reflections and the examples presented, the idea that will lead
the rest of the document is to understand the suitability of the performance
of methods or algorithms if they meet the requirements given a sensor sensi-
tivity larger than the feature size (shape, colour, etc.) in proper environment
conditions.

Once the context and the scientific motivation of this thesis are defined, it
is necessary to study the state-of-the-art proposals and techniques involved in
the different parts of the process.

1.3 State of the art

In this section, a review of the general state-of-the-art is presented to evaluate
the recent proposals related to each part of the 3D subject reconstruction pro-
cess. Later, in each chapter, specifics and detailed reviews of related works are
presented for the specific area treated in it.

1.3.1 Reconstruction and modelling of 3D subject defor-
mations

The study of change requires modelling the object shape and the analysis of
this over time. Modelling and analysing shape are considered difficult and chal-
lenging problems in Computer Vision. Three-dimensional model reconstruction
methods can be categorized into: model-based and view-based methods. The
former requires a virtual model, making them limited. Whereas, the latter uses
3D data from sensors to obtain the object. This second category is in which the
thesis is framed.

There are many possible representation techniques for 3D shapes (meshes,
constructive solid geometry, boundary representations, free form surfaces, etc.)
and descriptors that normally are used to provide a compact overall description
of the shape. A review of the shape representation applied to the methods of
recovery can be found in [Tangelder and Veltkamp, 2008]. Based on the rep-
resentation of the shape descriptor, the authors divide shape matching meth-
ods into feature (global, local features, distribution of features, spatial maps),
graph (model graph, skeletons, Reeb graph) or geometry based methods. Liu
[Liu, 2012] surveyed view-based objects retrieval. Concretely, he focused their
attention in bag-of-visual-words techniques, which mainly use a set of visual
features from different images (bag-of-visual-words) in order to obtain informa-
tion of a new image by the comparison of the features of the new image with
the bag-of-visual-words with a criteria that depends on the problem.

Regarding non-rigid objects, in [Sfikas et al., 2012] authors used topological
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and geometrical information to reconstruct non-rigid objects using graph-based
matching. KinectFusion is a reconstruction method proposed in [Izadi et al.,
2011, Newcombe et al., 2011] which uses data from general purpose RGB-D
sensors, for indoors reconstruction and augmented reality purposes.

Acquiring the subject from different points of view provide data covering
the whole shape. However, it is necessary to initially align all views in a single
coordinate system to later apply the technique for the surface retrieval. This
alignment, commonly called registration, has been widely studied during the
last decades.

The study of deformations in 3D spreads along many areas [Liao et al.,
2009, Wang, 2014]. Lu and Jain [Lu and Jain, 2008] proposed a deformation
modelling for face recognition. They deal with expression deformations and
pose changes. Chu et al. presented in [Chu et al., 2014] an extension of 3D
Morphable Model for face recognition in video sequences. In human body re-
construction, a rigid initial registration should be done, however, due to the
changes in position during the acquisition, improvements can be done using
non-rigid registration (Figure 1.2 shows a deformation example) to correct this
variations [Allen et al., 2003, Holden, 2008]. In [Tong et al., 2012] authors pre-
sented a system with three RGB-D Kinects to scan a full body in two stages,
a rigid registration for main parts alignment and a deformable registration for
final registration. Another similar work is [Cui et al., 2013] where they use a
single Kinect for developing avatars, or graphical representation of subjects in
digital environments. They use super-resolution and rigid combined with non-
rigid methods to reconstruct the body. The colour is here used to reduce the
noise effects in the super-resolution step. Several 3D data images are used to
reduce the noise by combining them, and the colour helps in this combination to
provide more robust estimation of the features and alignment between images.

Deformation caused by growing changes on evolution is a main area of anal-
ysis in biology for medical applications because it has become an important
problem in medical diagnostics [Grenander et al., 2007, Singh, 2008], and in
particular brain images, including the study of dynamic nature of growth in the
developing human brain and degenerative disease processes. Plants have also
been studied, such as in [Li et al., 2013] where the authors register the plant in
different moments of its life and evaluate new leaves apparition, plant structure,
etc. using high detailed data and acquired with short intervals of time between
images.
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(a) Initial shape (b) Deformed shape

Figure 1.2: Deformable shape example (Image acquired with a general purpose
RGB-D Kinect sensor

1.3.2 3D acquisition systems

The first step in a 3D representation system is the acquisition. There are numer-
ous kind of sensors which mainly could be divided into: contact, which estimate
the shape by touching the subject; and contact-less, which estimate the shape
of the object from a distance. In this thesis I focus my attention in the second
group due to the larger possibilities they bring as they are not restricted to
any position, usually are faster estimating the measurement and can provide
colour as well, among other advantages. Five main types of technology appear
in the literature for system to acquire the shape of subjects using contact-less
techniques (see Figure 1.3).

• LIDAR sensors. Laser Illuminated Detection And Ranging is an active
technology in which a laser is projected to the scene and the reflection of
this projection is analysed to obtain the distance, and hence, the depth
information of the scene [Schwarz, 2010].

• Time-of-flight sensors (ToF). They project a beam of light and infer the
distance with the difference of times between the emission and the return
[Foix et al., 2011, Cui et al., 2010].

• Stereo cameras. Stereo camera is a passive technology that uses two or
more calibrated cameras to estimate the depth information calculating the
disparity of between the images obtained by each camera, and knowing
the calibration parameters, estimate the distance [Lazaros et al., 2008].
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• Structured light sensors. This is an active technology that projects a
known pattern onto the scene and calculates the disparity between the
observed pattern with the original one. The distance is calculated making
use of the calibration parameters between the emitter and the receiver and
the disparity. [Salvi et al., 2004, Salvi et al., 2010, Herakleous and Poullis,
2014]

• Customer general purpose RGB-D sensors. These sensors combine dif-
ferent techniques (structured light, ToF) to provide semi-simultaneously
colour and depth information. They are mainly characterized by be-
ing hand-held low-cost devices, for example Microsoft Kinect, Primesense
Carmine [Lai et al., 2013, Khoshelham and Elberink, 2012, Henry et al.,
2012].

Some 3D laser systems do not provide colour information, then algorithms
that need visual features obtained using the colour are not suitable. Other 3D
laser systems provide colour, but their cost is prohibitive information. It is
achieved using different approaches to incorporate colour to the depth infor-
mation, such as adding a colour sensor to the system and calibrating the new
camera to allow the alignment of both depth and colour information. Com-
monly, they are commonly slow in the process of acquisition, which means that
only subjects that are static can be reliably acquired. Then, their flexibility to
adapt to a wide range of situations is limited because they need a static scenario
during the acquisition time (e.g. a situation where the acquisition is performed
holding the camera by hand may not be done with these sensors due to the
vibrations of the human). Time-of-flight cameras (sometimes included as a sub
category of LIDAR) normally use laser and do not provide colour information
having the same problem as laser-based.

Stereo cameras have been widely used in reconstruction, such as in [Kasper
et al., 2012] where they used a Konica Minolta Vi-900 3D and a pair of IEEE1394
cameras. This technology provides colour as well as depth information. How-
ever, it needs to calibrate the pair of sensors each time they are moved, limiting
the portability. In order to vary the range of work, they need to vary the base-
line distance between cameras, which limits the flexibility. They suffer from the
lack of textures as well: areas without texture do not provide depth information
as matches cannot be found. There exist hand-held stereo cameras such as the
Pointgrey Bumblebee, however they cannot change the baseline reducing the
flexibility of their use.

Structured light technologies need a suitable pattern for the purpose, as
if the pattern is composed by vertical lines, vertical variations will be hardly
detected. A problem that affects directly the sensing is lighting condition. If
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infrared is used, it is not possible to deploy in outdoor scenarios as the sunlight
overlaps the pulse of light. However, if stereo passive cameras are used, the
absence of light will end in no data [Ogale and Aloimonos, 2005].

The last category refers to low-cost general purpose cameras coined as RGB-
D sensors as they provide colour and depth information simultaneously. They
have been referred as customer 3D sensors, or hand-held 3D sensors, or low-cost
3D sensors, but generally called RGB-D sensors. Commonly, they implement
one of the previous active techniques combined with a colour camera, for ex-
ample Structured light (Microsoft Kinect v1, Primesense Carmine) or Time-of-
flight (Microsoft Kinect v2) with a colour sensor. The wide use of these sensors
have made new category to their classification. They are characterized by being
low-cost and easy to manipulate, provide proper data for many applications
which means a high flexibility. Moreover, they provide semi-simultaneously
both colour and depth information (i.e. they are not provided simultaneously
but with a time difference that can be assumed as simultaneous for most applica-
tions), which is an advantage for many applications. Khoshelham and Elberink
[Khoshelham and Elberink, 2012] studied the accuracy of Microsoft Kinect sen-
sors. Various papers reviewed algorithms and applications using Kinect-like
devices [Han et al., 2013, Morell-Gimenez et al., 2014, Shao et al., 2014].

1.3.3 Registration

Going a step forward in the general process for the study of 3D shapes, we need
to align all different acquired views to obtain the full shape. This is generally
called registration. The study of registering 3D data using computer vision
techniques is a well know topic [Besl and McKay, 1992, Pulli, 1999, Cyganek
and Siebert, 2009, Berger et al., 2014, Zollhöfer et al., 2014]. However, several
problems still need to be solved in both static scenes and in deformable situa-
tions. Several reviews related to the registration problem can be found in the
literature. In [Zitova and Flusser, 2003], a complete colour image registration
survey is presented. Tam et al. [Tam et al., 2013] made a survey of registration
methods for rigid and non-rigid point clouds and meshes. In [Rusinkiewicz and
Levoy, 2001], a comparison among different iterative closest point (ICP) meth-
ods is presented, while in [Pomerleau et al., 2013], a similar study is proposed,
but with real-world datasets.

A formal definition of registration that has been extensively used in the
literature size the beginning of the modelling of 3D shapes [Faugeras and Hebert,
1986], is to find the transformation to align one dataset, D, to a target dataset,
M .

Formally, the transformation, T , that minimizes the distance between the
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(a) Lidar (b) ToF

(c) Structured light (d) Stereo

(e) RGB-D

Figure 1.3: Different 3D sensors.

transformed data D = {d} and the target data M = {m} is obtained by mini-
mizing:

T ∗ = arg min
T∈V

∑
d∈D

∑
m∈M

wsm ‖m− T (d)‖ (1.1)

where m is the target that matches with the data, d, ‖·‖ is the distance measure
between data, V = {T} is the set of all the possible transformations and wsm is
the probability that the data, d, matches with the data, m. The problem can be
simplified when the correspondence pairs between scene and model are known,

T ∗ = arg min
T∈V

N∑
i=1
‖mi − T (di)‖ (1.2)

where N is the number of correspondence pairs and mi is the data of the model
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set which has a correspondence with the scene data, di.
The rigid registration finds an equally transformation for all data (using

rotation, translation and scaling, preserving the topological and geometrical
distribution of the data), whereas the non-rigid needs to move each di individ-
ually to eventually match the corresponding mi. For rigid registration many
efforts have been done to find a general method, being a well studied topic.
However, there is still several work to do in this area.

Following the definition of Salvi [Salvi et al., 2007], a classification of the
rigid registration distinguish between coarse registration and fine registration.
They mainly differs in the accuracy of the provided solution. Coarse registration
aims at computing an initial estimation of the rigid motion between data points.
With low accuracy their speed increases. Most of coarse registration methods are
iterative, despite the existence of linear approaches. It is important to highlight
that many coarse approaches use a subset of the data (downsampling techniques
to reduce the number of points, or keypoint techniques that extract characteris-
tic points that describe the full initial set) in order to reduce the computational
cost, commonly defined as feature-based methods as well. Fine registration, on
the other hand, is focused on providing the most accurate solution. These meth-
ods generally use a roughly initial estimation to unify all views in a common
coordinate system (avoiding falling in local minima) and then refining the initial
solution. In [Salvi et al., 2007], a table is presented where important aspects
of coarse and fine registration methods are classified: kind of correspondences,
motion estimation, robustness and registration strategy. This classification is
used in [Campbell and Flynn, 2001, Morell-Gimenez et al., 2014], but many
others can be found in the literature, such as dense/sparse, intrinsic/extrinsic,
etc. Despite this classification, most of the registration methods use a hybrid
approach to firstly coarse register pre-aligning the data into a global coordinate
system and, next, refining the result using fine registration methods.

Feature-based registration techniques commonly belong to coarse registra-
tion. They are widely used because provide an acceptable initial alignment and
the time is low. Figure 1.4 depicts a process with two point sets, find the best
matches and align. Random sample consensus (RANSAC) [Fischler and Bolles,
1981] paradigm is commonly used using features for coarse and sparse registra-
tion [Díez et al., 2015]. It uses principally features (e.g.: SIFT [Lowe, 2004]),
either in 2D or 3D. The process initially takes a random subset of the data
(features) and align the whole set using the transformation of this subset, then
evaluate the distance between each match (all features, not the initial subset).
This process is repeated several time for the initial random subset changes, and
eventually returns the best transformation.

For fine registration, Iterative Closest Point (ICP)[Besl and McKay, 1992,
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Rusinkiewicz and Levoy, 2001] is the most used method due to the large number
of variants and the flexibility to be adapted to a wide range of situations. ICP
based techniques find the transformation iteratively using the closes distance
to match D and M . Many variants of these have been studied and proposed
[Rusinkiewicz and Levoy, 2001, Xie et al., 2013, Zhang et al., 2015], mainly
focused in noise handling. Figure 1.5 depicts a process with two point sets, iter-
atively find the best matches and align until convergence. When various views
are registered simultaneously, a multi-view principle is used as proposed by Pulli
in [Pulli, 1999]. However in adverse situations, rigid registration methods still
need to be optimized. In spite of the efforts in this topic, the noise still affects
the result of the registration due to it difficults to reliably perceive features of
the shape that are used to estimate the correspondences between view points,
hence new proposals have to be conceived to overcome this problem. Here, in
this thesis, I contribute in the noise handling in adverse and real situations for
rigid registration with data from general purpose RGB-D sensors, as it is later
explained. In [Morell-Gimenez et al., 2014] the group studied in depth different
rigid registration methods using data from low-cost RGB-D sensors.

a) b) c)

Figure 1.4: Feature-based registration. a) shows the two sets. b) represents the
matches, good matches are shown by solid (green) lines and poor matches by
dashed (black) lines. In c) the two sets are registered.

Considering non-rigid registration, a wide variety of concepts have to be
taken into account [Tam et al., 2013], including the deformation constraints
(isometric, free displacement), data used (points/meshes), the kernel to pro-
vide coherence in the displacement (thin-plate splines, motion theory,...). Non-
rigid or deformable registration goes from skeleton/isometric based registration
[Zhang et al., 2008], where the topology and distances are preserved (e.g. bones);
to a completely free movement where each transformed data moves indepen-
dently (e.g. a leaf growth where it may curves and expand in size) . This last,
commonly uses a geometric coherence in the kernel to avoid non-sense transfor-
mations. Rouhani et al. proposed in [Rouhani et al., 2014] correspondence-free



Chapter 1. Introduction 17

a) b) c)

d) e) f)

Figure 1.5: ICP registration. a) shows the two sets. From b) to e) the clos-
est matches from the blue diamonds to the red circles are calculated and the
transformation estimated. In f) it is shown the final registration.

non-rigid registration method based on patches or connected components. The
patches are rigidly registered each one with its corresponding in the other shape.
With this method they ensure to keep the original structure as the patches lo-
cation in the topology of the shape does not change. Chui and Rangarajan
[Chui and Rangarajan, 2000, Chui and Rangarajan, 2003] proposed TPS-RPM
non-rigid registration method for 3D point cloud based on Thin Plate Splines
to stabilize the displacement. Coherent Point Drift (CPD) proposed by Myro-
nenko et al. in [Myronenko and Song, 2010, Myronenko et al., 2007] constrain
the movement using Coherent Motion Theory [Yuille and Grzywacz, 1988]. Non-
rigid registration is under intense study in the last years, and some papers focus
this topic using RGB-D images. Xu et al. 2014 ([Xu et al., 2014]) presented a
surface non-rigid registration based on patches and use colour constancy, depth
coherence and patch smoothness to modify the energy function of the kernel.
Herbst et al. proposed in [Herbst et al., 2013] a RGB-D flow estimating the
movement of rigid objects using both colour and depth information, assuming
a piecewise smooth, and total variation regularize.

1.3.4 Conclusion of the State-of-the-art

During the last decades the study of 3D in computer vision has been increasing
due to the interest in analysing real subjects with computational tools, and it
has made this a very important area of study. The reconstruction of subjects is
highly dependant on the acquisition and the registration. Independently of the
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reconstruction method, the input data of the system comes from a sensor and
can be presented as points in an image (matrix space, pixels) or in 3D points
(real world location, millimetres). Then, the quality of the data provided to
the registration process, and hence to the reconstruction, is a critical factor for
the final result. The improvement in methods and technology involved in 3D
reconstruction has allowed to achieve a strong knowledge in rigid registration
because of the large number of proposals and applications that have been carried
out in this topic [Besl and McKay, 1992, Rusinkiewicz and Levoy, 2001, Morell-
Gimenez et al., 2014, Díez et al., 2015]. Recently, the interest of the scientific
community has moved forward to the study of 3D in articulated and deformable
objects, being nowadays a matter intensely investigated [Tam et al., 2013, Xu
et al., 2014].

Regarding the acquisition devices, five main kind of sensors have been stud-
ied. Laser-based sensors include large variety of devices which work in different
distances, accuracies, but they are usually expensive and only provide depth in-
formation, no colour data. There are solutions to add colour, but they commonly
require to add another camera to the set which make difficult its portability.
Moreover, many of them need large time to calculate the depth information.
Time-of-Flight cameras, some times considered as a subcategory of the previous
type, provide depth but not color. Stereo systems, which provide colour, fail in
absence of colour or in strong dark/bright situations, and also require a good
calibration to estimate the best parameters of the set of cameras to estimate
the depth information. This calibration should be done each time the sensor is
moved, reducing their portability. The monetary cost is usually high in compact
sets of cameras. The new general purpose low-cost RGB-D sensors as Kinect,
which are mainly based on infrared structured light or ToF technologies, pro-
vide both colour and depth information, the monetary cost is affordable in many
cases, and provide reasonably fast data. Moreover, they are easily portable and
flexible to fit many specific acquisition situations. Therefore, these kind of sen-
sors can be used in a widespread range of situations. However, the data are
noisy and with low precision. Despite these drawbacks, RGB-D sensors are
nowadays very used in computer science.

Registration methods are mainly divided into two groups, rigid and non-rigid
registration. Despite the rigid registration is a mature subject in computer vi-
sion, the methods still fail when the Signal-to-Noise ratio does not allow the
acquisition system to reliably distinguish features of the shape used in the reg-
istration process. Therefore, it is necessary to propose new techniques to over-
come these problems. Non-rigid registration has been less studied, however it is
now capturing the attention of many researches. They mainly fail in situations
of missing data, noise, and large deformations. Thus, new proposals should be
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done to improve results of the non-rigid registration techniques.

1.4 Objectives

In order to represent a subject from visual data, the quality of the data provided
by the system is a critical aspect. Then, a review of the related works of the
main parts for the process of acquisition and data registration has been done.

After a review of the state of the art in computer vision systems for regis-
tration including deformations, it was possible to find some areas in which it
is necessary to contribute. Current techniques present problems related to the
relationship between the sensitivity of the sensor and the process of estimat-
ing correspondences. Both rigid and non-rigid registration still have problems
to solve in adverse situations. Adverse situations are defined in the context of
registration as situations where the sensitivity of the sensor does not allow to
perceive distinctively features of the subject to estimate the transformation re-
quired to align the view, situation that degenerates in presence of noise, outliers,
and missing data.

The main purpose of this thesis is to provide a methodology to obtain a 3D
registration of subjects and their deformations in real and/or adverse situations.
Due to the methodology is not restricted by any application or system specifi-
cation, the proposal is conceived as a general solution for providing solutions to
register in adverse situations. In order to do this, the solutions are focused in
the improvement of the registration accuracy acting on the elements involved in
the acquisition system regardless the final purpose. For this generality the sen-
sor should be flexible, portable, provide colour and shape, provide reasonably
fast data and be affordable. Then, the general purpose RGB-D sensors, such
as Microsoft Kinect, has been chosen as input device to evaluate the proposal.
This general purpose camera sensors have a balanced sensitivity for a wide range
of vision problems. This is, the sensitivity of the system is not as high as other
sensors for specific purposes but it is enough for a range of tasks. Furthermore,
nowadays many researches are making use of these devices, which means that
a contribution in this will benefit the scientific community. Despite the choice
of this kind of sensor for evaluating the methodology, any other can be used as
input device due to the solutions proposed does not restrict the input device but
propose certain adjustments to improve the final perception for the registration
process.

The main objective pursued in this thesis is subdivided into two concrete
sub-objectives:

• Develop and evaluate a method for rigid registration to enhance the rep-
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resentation of constraint-less 3D shapes in adverse conditions. In order to
do this, a model-based technique to reduce the effects of low quality data
(sensitivity, noise, etc.) will be developed. Moreover, a multi-view tech-
nique will be used to frame the developed method, as it has demonstrated
capabilities to improve iterative registration approaches. With this objec-
tive, I pretend to provide alignments of point data which can overcome
problems of rigidly registration of scenes where traditional methods fail
due to the system cannot provide reliable features for the correspondences,
mainly related to the sensitivity level.

A set of tests will be considered to evaluate the proposed objective. De-
spite this objective is focused in providing a general method regardless the
final application, the test proposed for the evaluation would correspond to
a possible application, concretely the reconstruction of small objects which
can be considered as adverse situation due to their features may not be dis-
tinctively perceived by the sensor. These tests would be compound by two
main parts: first, a set of synthetic data tests will be done to corroborate
the proper function of the proposal for noise-free data, and for different
levels of noise. Second, a evaluation of the method in real situations will
be carried out using data acquired with a general purpose RGB-D sensor.
For the synthetic data, I proposed to use geometrically simple objects
which will allow to make quantitative estimations of the performance of
the alignment. For the case of real data, objects with different character-
istics (e.g. geometry, colour, size) would be used in order to evaluate the
capabilities in different situations. Moreover, due to the general purpose
RGB-D sensors commonly perceive changes in depth information in order
of 5 mm approximately, the objects will have features with sizes in order
of millimetres to prove the behaviour of the method in the limits of the
sensitivity of the sensors. Moreover, a comparatively analysis will be done
with various of state-of-the-art registration algorithms.

• Develop and evaluate a method for non-rigid registration to perceive de-
formations of constraint-less 3D shapes in adverse conditions. In order to
do this, a general framework which makes use of all data provided by the
acquisition system will developed. Therefore, due to the variability in the
input, the proposal will take into account missing data, occlusions, partial
models, imperfect models from acquisition or previous rigid registration
processes, noise, etcetera. Moreover, it will be conceived to work regard-
less the deformation in order to be generalizable and not dependant on
previous constraints (e.g. topology, level of deformation, etc.).

To evaluate the proposed objective, a set of tests will be considered in
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a similar way than in the previous objective. In this objective, similarly
to the previous, is aimed in the development of a method with any ap-
plication assumption. However, the evaluation will be carried out with
the point of view of possible applications, such as face expression recogni-
tion or plant growth evaluation. The data used would include depth and
colour information, both spaces provided by the general purpose RGB-D
sensors. With these two spaces, I propose to evaluate the use of various
spaces simultaneously in the non-rigid registration in order to improve the
registration accuracy against the use of one input space. Concretely, two
main experimentations will be suggested. Firstly, a set of synthetic tests
will allow to evaluate the proposed method in various controlled situations
of noise (no noise and different levels of it), outliers, distributions of the
spaces, etcetera. Secondly, real data would be used using a general pur-
pose RGB-D sensor to evaluate the method in real conditions. All tests
will be also evaluated with a well-know and state-of-the-art method for
non-rigid registration, the Coherent Point Drift, to analyse the results and
provide a comparison of both performances.

1.5 Proposal

To provide a formal description of the problem of representing 3D subjects
and their deformations, here it is presented an instantiation of the general for-
mulation presented by Fuster-Guillo [Fuster Guilló, 2003] of a vision model
for adverse conditions of perception, and later reformulated by Azorin-Lopez
[Azorín López, 2008] for the specific case of perceiving specular surfaces. Firstly,
a general formulation is presented, explaining the Active Vision Model to pro-
vide active solutions to automate the artificial vision process. Next, a concrete
definition is shown for rigid registration related to the first sub-objective of the
thesis. After, a non-rigid registration is presented for the second sub-objective
formal definition.

1.5.1 Active Vision Model for adverse conditions

The main purpose of the Active Vision Model (AVM) is to model the automatic
process of artificial vision in order to provide active solutions to the problem of
computer vision in real and/or adverse situations. First of all, a model describing
the image formation and the variables that take part in this process is presented.
After, a description of adverse situation solutions will be described.

An image I is defined as a two-dimensional representation provided by F .
Let F be a function that models a visual acquisition system, visual acquisition
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system. It includes all equipment and scene configuration to capture an image:
lighting, positions, viewpoints, cameras, etc. Let ρ be a vector made up of scene
magnitudes that contribute to the formation of I (Eq. 1.3). Each vector ρ is an
element of a representation space P related to optical magnitudes of the visual
perception phenomenon.

I(x, y) = F (ρ), ρ = (φ1, φ2, φ3, ..., φn) ∈ P (1.3)

The components φi for the vector of scene magnitudes could be, in practice:
scale, viewpoint, light intensity, frequency, saturation, etc. Each component
could be modelled as a function depending on three inputs (Eq. 1.4): the subject
of interest, o, in the scene (e.g. the object to be acquired), the environment, e,
in which the subject is placed and, finally, the camera, c, that captures images
I from the scene. Since each φi will be composed by the three inputs, ρ made
up of φi will depend on these inputs as well. This is presented in Eq. 1.4.

φi = φi(o, e, c), ρ = ρ(o, e, c) (1.4)

The contribution of each element (o, e and c) can be expressed as three
vectors made up of magnitudes: εi related to the environment (Eq. 1.6),γi
related to the camera (Eq. 1.7) and, µi related to the subject of interest (Eq.
1.5). Intensity and wavelength of light sources, medium of transmission, relative
position between scene and vision device, are examples of environment elements
εi. Regarding the camera contribution γi, the elements are related to the sensor
characteristics, optical and electronic elements: zoom, focus, diaphragm, size
of the sensor, signal converters, etc. Finally, the reflectance, colour, shape,
topography of the subject are examples of subject elements µi. The values of
each vector establish elements of the set O for the subject, E for the environment
and Γ for the camera.

O = {o0, o1, o2, ...}, oi = (µ1, µ2, ..., µm) (1.5)

E = {e0, e1, e2, ...}, ei = (ε1, ε2, ..., εn) (1.6)

Γ = {c0, c1, c2, ...}, ci = (γ1, γ2, ..., γl) (1.7)

To define the model, it is worth to remember the sensitivity as an important
static characteristic of a sensor. The sensitivity is the slope of the calibration
curve (see Fig. 1.6). It indicates the detectable output change for the minimum
change of the measured magnitude. In this case, it is the detectable output in
F for the minimum change of the scene magnitudes (Eq. 1.8).
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Figure 1.6: Outline of the calibration curve (red) and sensitivity (green) for a
VAS including tuning ρs, working point ρt and the subset S (Eq. 1.10).

sensitivity = ∆F (ρ)
∆ρ (1.8)

Usually, the camera parameters are calibrated to a set of values γi so that
the sensitivity is optimized for all components of ρ simultaneously with respect
to a single metric (not necessarily maximized for each variable φi). For example,
given camera c could be calibrated using a specific zoom, focus and sensor size
optimizing the sensitivity of the system to perceive the φ corresponding to the
colour of a subject in a wide range of subject distances and viewpoints, but the
system is not optimized separately for distances or viewpoints. For convenience,
it is defined the tuning point as the corresponding point ρs of scene magnitudes
in space P for each camera of the set Γ in which the sensitivity of the VAS is
the optimum (see Fig. 1.6). The sensitivity decreases in general for values of ρ
different of ρs.

In the same way, since the VAS depends on the contribution of the envi-
ronment e and the subject o, the corresponding point ρt of scene magnitudes
that define the point in P where the system is working in and will be named
as the working point. The effect of this point is related to the sensitivity curve
of the VAS for each of the magnitudes φi because it restricts the limits where
the system can work. In ideal conditions for the use of the VAS or in simple
approaches to vision problems, its effect is usually considered to be negligible
because perception takes place close to ρs, close to the scene magnitudes consid-
ered in the design process of the VAS. This simplification is unacceptable in the
case of adverse conditions as occurs, for example, in dark environments, remote
subjects from the camera, small feature size, or in presence of specular objects
that limit the capacity of the VAS to perceive the scene because perception
takes place far from ρs .

Acquisition of the scene and representation on a plane (image) carried out
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by F (Eq. 1.3) cause situations, related to vision in adverse conditions, where
it is not possible to distinguish between different scene magnitudes ρ that con-
tribute to an image. In practice, the capacity to discern elements of P is related
to the measurement of the magnitudes (o, e, and/or c), that contribute to each
of the components φi of ρ, carried out in the image I by a system. Moreover,
the capacity to discern is applied for a subset of the magnitudes µi of o, εi of e,
or γi of c. Therefore, the VAS is not generally interested in distinguish different
ρ for all components φi in the scene magnitudes. It is interested for a set Φ of
components φi of ρ that allow the system to perceive subsets of µi of o, εi of e,
and/or γi of c. For example, a VAS could be interested in distinguish different
φi (e.g. scale, light intensity) that allow the system to extract features (µ) of
a subject o from them after an environment e change (e.g. camera viewpoint,
distance from camera to the subject, etc.) for registration purposes. Generally,
the contribution of the subject o, and its magnitudes µ to the image, is the aim
of the measurement (e.g. the VAS is able to measure the colour of a subject
distinguishing different levels of colour). However, sometimes as in a rigid regis-
tration, the aim is to measure environment magnitudes ε (e.g. camera position
with respect the subject) or camera magnitudes γ (e.g. focal length). To distin-
guish them, it is necessary to distinguish visual features (specific structures in
the image including points, edges or more complex operation including a set of
pixels) in the image I, and commonly those features are distinctive attributes
of subjects. Then, the VAS must be able to distinguish them in the image. In
other words, the system should be able to distinctively represents attributes of
subjects in the image.

Formally, a scene could be distinguishable from another one in the VAS
when they are distinguishable in the measurement performed in F for a subset
Φ of magnitudes φi (Φ = {φi}). Let ΩΦ

ρi the set of scene magnitudes that
can be distinguished for a specific ρi of scene magnitudes considering that just
the subset Φ is involved in the measurement of the image F (ρΦ

i ), and let χ
the minimum difference perceptible by the system (it depends on the specific
application of the system and VAS characteristics including noise, quantisation,
etc.), then ΩΦ

ρi is formed by the Eq. 1.9.

ΩΦ
ρi = {ρj : |F (ρΦ

j )− F (ρΦ
i )| ≥ χ | ρi, ρj ∈ P,∃χ > 0} (1.9)

Fig. 1.7 shows an example of the distinguishability problem. Assume that
F (ρφ1) and F (ρφ2) are the curve calibration of the VAS just considering φ1 as
the magnitude used to perceive the colour (µ1) of the subject and φ2 the used to
perceive shape (µ2) respectively. In this example, if the VAS is used to perceive
shape (µ2) using the magnitude φ2, it cannot distinguish between neither sub-
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Figure 1.7: A) Outline of the calibration curves for a VAS aimed to measure
shape by using F (ρφ1) (green) and colour by using F (ρφ2) (red). B) Measure-
ment performed in F transformed to the subject space O.

jects o8 and o9 (ρ(o8, e, c) 6∈ Ωφ2
ρ(o9,e,c)) nor o10 and o11 (ρ(o10, e, c) 6∈ Ωφ2

ρ(o11,e,c))
(as we mentioned above, a given camera has maximum sensitivity for a value
of each φi). Nevertheless, if it is used to perceive colour (µ1) using the same
camera (including all variables γi) by means of perceiving the magnitude φ2,
the different subjects (o8, o9, o10, o11) can be distinctly perceived due to the im-
ages F (ρφ2(o8, e, c)), F (ρφ2(o9, e, c)), F (ρφ2(o10, e, c)) and F (ρφ2(o11, e, c)) are
all different according to the colour. Fig. 1.7-B, shows the measurement per-
formed in F analysed from the point of view of the subject space O taken into
account just colour and shape. All subjects close to o1, in the yellow area, are
not distinguishable, for that subject in this example. However, for the subject
o2 (light green area) are distinguishable, ρ(o1, e, c) ∈ Ω{φ1,φ2}

ρ(o2,e,c). This example is
close to the problem that sometimes happen using RGB-D sensors, where depth
resolution does not allow to distinguish regions separated in millimetre orders,
however the colour of the regions can be identified. Hence, usually capacity to
discern magnitudes that contribute to the vector ρ can be delimited to distin-
guish elements of the set O (Eq. 1.5) in the image (e.g. the colour of a region
of a subject, or the shape of a surface, or both, etc.). In order to provide a
general notation, hereafter I will omit the set Φ in which the VAS is interested
to measure magnitudes in the notation for simplicity. Hence, ΩΦ

ρi = Ωρi .

A VAS has to deal with different situations that are consequence of the
subsets of P delimited by the problem to be solved (e.g. delimited by subjects or
by their characteristics to be analysed, or by environments, or by the cameras...).
A minimum value of sensitivity χ can be established in which any scene is
distinguishable from another considered in the application (see Fig. 1.6). The
values of the vector of scene magnitudes ρ in which sensitivity is higher than a
threshold χ conform the subset S of P defined by Eq. 1.10 and represented in
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Figure 1.8: Outline of the calibration curve for depth measurements using a
Microsoft Kinect (c). The example considers ε as the distance between the
target point and the camera (c) as the input element for the environment e. If a
specific application requires a sensitivity of χ1, the S subset will be conformed
by scene magnitudes whose e has ε distances as input ρφε marked in red. For
another application requiring a sensitivity χ2, the set S2 will be composed by
the scence magnitudes ρφε marked in blue.

Figures 1.6.

S = {ρi : |F (ρi)− F (ρj)|
∆ρ ≥ χ→ ρj ∈ Ωρi | χ > 0,∀ρi,∀ρj ∈ P} (1.10)

It is, S could be defined as the set of scene magnitudes that are distin-
guishable in F . Note that the threshold χ is dependent on the problem to be
solved. Different applications require different sensitivity values. For example,
if we consider a scene with planes as subjects o perpendicularly placed to the
viewpoint of the camera c, just the distance ε between the target planes and the
camera as the input element for the environment e (avoiding lighting and any
other environmental condition) and, finally, a Microsoft Kinect as the camera c,
the S subset will be conformed by scene magnitudes whose e has ε distances as
input ρφε in the range between 0.5 and 5 meters for a threshold χ1 as considered
in Fig. 1.8. Moreover, distances among planes should be at 2 mm from planes
situated at 1 meter far from the sensor. The distance between planes should
be increased up to 7 cm at 5 meters from the sensor (according to the depth
sensitivity provided in [Khoshelham and Elberink, 2012]). However, if a system
has to be designed to distinguish planes situated with distances among them
less than 3 mm, the threshold χ2 must be higher, reducing the subset S to S2

(range from 0.5 to about 3 meters).
There are no perception difficulties for situations of the subset S ⊂ P . They

involve values of environment and camera, in addition to characteristics of sub-
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jects, that compound magnitudes ρ of the set S (Eq. 1.10). In other words, it is
possible to distinguish the images of two different scenes (ρi and ρj in Eq. 1.11)
from the acquisition performed by F if the Visual Acquisition system (VAS) is
working on points of S.

(ρi 6= ρj)→ |F (ρi)− F (ρj)| > χ | χ > 0,∀ρi, ρj ∈ S (1.11)

Vision systems working on ρ of the complementary of S, Sc, present the
mentioned adverse conditions to distinguish characteristics of a subject, environ-
ment or camera, from images. Following the previous example of the Microsoft
Kinect, two planes located about 5 metres from the camera and separated 3
centimetres between them will generate scene magnitudes ρ ∈ Sc due to they
should be at a distance of more than 7 centimetres between them to be dis-
tinguished for any of the thresholds in Fig. 1.8. Hence, solutions have to be
provided to achieve distinct images F (ρi) and F (ρj) from different ρi and ρj

that the camera perceives as the same one (F (ρi) = F (ρj)). These solutions
should be able to compensate the low sensitivity in Sc (sensitivity less than χ in
Fig. 1.6). Among the three variables that contribute to the scene magnitudes,
the subject is a constant due to they are commonly the target of the system.
However, environment conditions and camera characteristics could be modified
to set up vectors of scene magnitudes ρ of the subset S. For this purpose, it is
proposed two complementary alternatives:

• Minimizing the distance between working point ρt and tuning point ρs

• Conditioning the acquisition performed by the VAS

On the one hand, minimizing the distance between the working point ρt and
the tuning point ρs consists of shifting one of the points so that the working point
be an element of the set S (Eq. 1.10). Then, the goal could be generating a new
image of the scene F (ρi) by a transformation ΥS in which the new working point
(ρk) be close enough to the tuning point. In case the ΥS (Eq. 1.12) adjusts the
environment, from e1 to e2, the working point is shifted to be in the S subset.
As an example, if the shape wants to be obtained from a subject, and it is too
far to be distinguished, then we can change the environment placing the sensor
closer to the subject or vice versa. Thus, the VAS is going to be able to have
different images from the same subject in the scene in order to distinguish its
shape, Eq. 1.11, (Fig.1.9 shows an outline of this process). Note the superscript
in ρei express that ρ has the environment ei as input. Hereafter the superscript
expresses the specific inputs in ρ I want to highlight.

∃ΥS [F (ρe2
k ) = ΥS(F (ρe1

i )) | ∃ρe2
k ∈ S,∀ρ

e1
i ∈ P ] (1.12)
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Figure 1.9: Outline for a transformation ΥS shifting the working point to S.
The initial working point ρt (light green) has been moved to ρk (dark green)
after transformation is applied. The new working point ρk is close enough to
the tuning point ρs.

Sn
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Figure 1.10: Outline for a transformation ΥS shifting the tuning point to the
working point ρk. Dotted line curve and light red area represents the old cal-
ibration and So respectively. Red line curve and blue area represent the new
calibration curve and the new Sn. The old tuning point ρs has been consequently
moved to the new one ρn after transformation is applied.

Whereas, to shift the tuning point (see Fig. 1.10) ΥS (Eq. 1.13) could mean
a recalibration or new acquisition of equipment (traditionally this is done by
replacing the camera c1 with a more suitable one c2). In this last case, subset
S of P changes for the new camera from So to Sn.

∃ΥS [F (ρc2
k ) = ΥS(F (ρc1

i ) | ∃ρc2
k ∈ Sn,∀ρ

c1
i ∈ P ] (1.13)

On the other hand, the goal of conditioning the acquisition performed by
the VAS is to directly influence the sensitivity curve of the acquisition system.
It can be carried out by means of two new alternatives. First, the output signal
of the perception system can be amplified. That is, the classic conception of
measurement system amplification at the signal conditioning step. For example,
by modifying the gain of a sensor, the system can perceive more levels of color.
However, the noise is also amplified decreasing the Signal-to-Noise ratio. Lim-
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itations of this technique are related to increasing the amplitude of the signal
in ranges of ρ of very low sensitivity compared to the threshold χ established
by the application. In other words, for ρi very far from the tuning point ρs.
For example, cameras that can modify the gain value will introduce noise when
increasing it, then in situations close to dark the Signal-to-Noise ratio will be
very low difficulting the perception. In this way, acquisition system improve-
ments are limited because they are only applied in ranges of ρ of intermediate
sensitivity compared to the established threshold χ. It is, for magnitudes ρ close
to the limits of the set S.

For the second alternative in conditioning the acquisition, the improvement
of the result in adverse situations comes from increasing the differences of the
values of the input magnitudes. This is to operate with large differences (η) of
the input (ρ) to increase the differences of the output F until the differences be
perceptible at the output (ρj ∈ Ωρi). The magnitudes ρk make up the subset A
in Eq. 1.14.

A = { ρk : |ρk − ρl| ≥ η → ρl ∈ Ωρk | η > 0,∀ρl ∈ P } (1.14)

Increasing the differences can be accomplished by modifying the VAS in two
ways as well: first by operating with large differences in the space P . If we
restrict the input magnitudes ρ in which the system is able to perceive, we can
select those inputs of the set P to get large differences of the input making up
the subset A in Eq. 1.14, being A ⊂ P (Figure 1.11 squematically shows this
concept). The goal is to reduce the number of possibilities that the VAS has to
deal with. It can be done acting on the environment by transforming it from
e1 to e2 to force that the magnitudes ρe1 that the system perceives could be
transformed to ρe2

k . Then, the goal could be generating a new image of the scene
by a transformation ΥC (Eq. 1.15) able to force these differences in P to work
in the subset A.

∃ΥC [F (ρe2
k ) = ΥC(F (ρe1

i )) | ∃ρe2
k ∈ A ⊂ P,∀ρ

e1
i ∈ P ] (1.15)

As an example, if various subjects in the scene are analysed and they are
close each other, we can spare them to enlarge the distances between them, im-
proving the perception. Azorin-Lopez [Azorín López, 2008] proposed a method
for enlarging the differences to analyse specular surfaces by projecting light
patterns which maximize the difference between neighbour colours. Other ex-
ample could be the use of known objects (makers for example) which are easily
distinguishable to improve the perception of the environment.

The second way to increase the differences of the values of the input mag-
nitudes is concretizing the scene magnitudes ρ themselves. The goal is to make
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Figure 1.11: Outline for a transformation ΥC able to increase differences of input
magnitudes values until the change is perceptible in the output F . Dotted line
curve and light red area represents the old calibration and So respectively of the
VAS. Red line curve and blue area represent the new calibration curve and the
new Sn. The vertical dotted red lines represent values of the set A that allow
perceptible changes in the output (horizontal dotted red lines).
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Figure 1.12: Outline for a transformation ΥC able to concretize the scene mag-
nitudes ρ by adding new inputs γ to the camera c1 converting it into c2.

the magnitudes ρ as different as possible modifying its inputs. It can be done
acting on the camera c1 by adding new inputs γ becoming c2 by the transfor-
mation ΥC (Eq. 1.16). Figure 1.12 shows an outline of this transformation. In
this example, a new γ has been added to c1 being able to distinguish between
ρ2 and ρ3. Initially, ρc1

2 and ρc1
3 were not distinguishable due to the got the

same F (ρc1) in Fig. 1.12 (left). The right figure in Fig. 1.12 shows as ρc2
2 and

ρc2
3 obtain different F (ρc2) due to the new camera c2 has a new dimension γ. In

this case, the magnitudes ρc2
k are in the set A (Eq. 1.14) but it is not a subset

of P due to magnitudes ρk have not been selected from P . The magnitudes in
P have been concretized, being A a set of magnitudes whose inputs (here, the
camera) have higher dimensionality than those pertaining to P .

∃ΥC [F (ρc2
k ) = ΥC(F (ρc1

i )) | ∃ρc2
k ∈ A 6⊂ P,∀ρ

c1
i ∈ P ] (1.16)

This solution will modify the curve of calibration. However, this differs from
the ΥS that shifts the tuning point to the working point, in which it modifies the
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γ parameters to improve the perception. In this case, I propose modifying the
curve of sensitivity adding new γ inputs to the sensor. Adding new inputs ΥC

concretize the camera c and, hence, ρmaking different ρ from the original. Then,
a camera c with a new input γ which implicitly modifies the curve of sensitivity
allows the system to perceive ρ differences (see Fig. 1.12). For example, this
can be accomplished by adding colour to a grey scale sensor or by including
colour to a depth laser sensor.

In summary, the VAS has to deal with different subsets of P consequence
of the subject (o), the camera (c) used to perceive it and the environment (e)
in which takes place the acquisition. The specific system designed to solve a
vision problem has to meet some requirements about those parameters. The
environment and/or the camera could be determined by the application. For
example, a problem could require the VAS be designed for a specific environment
conditions including lighting and subject distances (e.g. a specific problem for
an assembly line) or for a specific camera. However, usually the application
requirements are focused on the subject of interest and the aim of the VAS is
to properly perceive its features µi. Moreover, the system has to be designed
to meet a specific sensitivity (χ) in order to be able to perceive the required
characteristics of the scene. In other words, magnitudes of the scene ρ involved in
the specific problem must be distinguished. If the problem to be solved requires
magnitudes ρ ∈ S, the VAS will not have difficulties to perceive because the
sensitivity of the VAS to distinguish the different ρ ∈ S is higher than the
required by the application χ. However, if the problem requires magnitudes
ρ ∈ SC , the VAS for the specific application will have difficulty to detect changes
in the scene. Hence, I propose two alternatives to increase the sensitivity of
the VAS dealing with the specific subset of P of the problem to be solved by
the application (see Table 1.1): minimizing the distance between working point
ρt and tuning point ρs by the transformation ΥS ; and, conditioning by the
transformation ΥC the acquisition performed by the VAS.

Table 1.1: Summary of the proposed transformations to increase the sensitivity
of the VAS for a specific problem.

Parameter
Environment (e) Camera (c)

Tr
an

sf
or
m
at
io
n

ΥS F (ρe2
k ) = ΥS(F (ρe1

i )) (Eq. 1.12) F (ρc2
k ) = ΥS(F (ρc1

i )) (Eq. 1.13)

ΥC F (ρe2
k ) = ΥC(F (ρe1

i )) (Eq. 1.15) F (ρc2
k ) = ΥC(F (ρc1

i )) (Eq. 1.16)

Solutions designed by using the transformation ΥS require that the context
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Figure 1.13: Outline of the ranges of scene magnitudes ρ in which the proposed
transformations could be applied. Being χ the sensitivity required by the ap-
plication, transformation ΥS could be applied for magnitudes ρ in the orange
area. For magnitudes ρ in the green area, transformation ΥC could be applied.

of acquisition, environment conditions e of acquisition, (e.g. distances, view-
points, lighting conditions, etc.) be close enough to the scene magnitudes in
which the sensitivity of the VAS is the optimum, at least they have to be mag-
nitudes in the set S (see orange area in Fig. 1.13, ∆χ1). For this solution,
calibration parameters of the camera or environment conditions must be ad-
justed to adequately perceive in S. The solutions based on this transformation
requiring great knowledge about the context and fine solution about camera and
environment parameters.

Solutions designed by using the transformation ΥC to condition the acquisi-
tion performed by the VAS require increasing the differences of the values of the
input magnitudes ρ in which the VAS has to deal with for the specific applica-
tion. In other words, the scene magnitudes ρ, in which the system has to work
with, have to be selected to have large differences among them. The solutions
based on this transformation allow the VAS to work in ranges whose sensitivity
is much lower than the required by the application (see green area in Fig. 1.13,
∆χ2).

Transformations ΥS and ΥC could adjust both environment e and camera c
parameters providing the four solutions in Table 1.1. The techniques based on
the previous solutions are not exclusive and can be used together for designing
vision system in which images of different subjects can be distinguished.
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1.5.2 Approach of solution to registration problems

In this subsection, I present an instantiation of the previously explained model
for solving registration problems (see Sect. 1.3 to further details about the
specific problem). Registration is the process to find a set of transformations
that aligns a set of data into a common coordinate system. For example, recon-
structing a shape transforming a set of views from different viewpoints; aligning
two colour data sets in order to evaluate colour error, etc. In order to find the
transformation, a critical step is to find correspondences from one dataset to the
other (wsm in Eq. 1.1). Then, registration accuracy (i.e the distance between
the alignment of the datasets achieved by the process and the real alignment)
will depend on many aspects of the environment, camera and the subject. Spe-
cific characteristics µ of the subject o as the feature size (including shape and
colour details), noise and the sensitivity of the sensor (Eq 1.8) could be the
most important aspects that restrict the VAS to be able to distinguish subject
features in both datasets. Relevant features are necessary in order to extract
correspondences of them in the datasets. Depending on the specific application,
the system has to be particularly designed to deal with the space to be reg-
istered (shape, colour, topology), and the nature of the transformation (rigid,
non-rigid). However, the VAS needs always to be able to distinguish between
two different images in order to distinguish features of them, as expressed in
Eq. 1.11.

Formally, the registration process R is defined as in Eq.1.17:

R = Ψ(F (ρ1), F (ρ2), F (ρ3), ..., F (ρn)) = {Ti} (1.17)

where each F is the function in Eq. 1.3. The function Ψ is able to align the
images of F (ρ) making use of correspondence matches between them by a set of
transformations Ti (Eq. 1.1) that minimize distances between the transformed
(e.g. rotated, translated, scaled, etc.) images F . In order to find good matches
wsm (Eq. 1.1), it is mandatory that the different F can be distinguished properly
for extracting features used to find the correspondences.

In the specific context of this thesis, a general purpose RGB-D sensor is
going to be used due to it meets many of the requirements (Subsection 1.4).
The quality of the data that this kind of sensors provide allow a sensitivity of
the sensor greater than the sensitivity χ (Eq. 1.10) required by the specific
system in a wide range of applications (i.e. the set S is enough for a wide
range of applications). However, in adverse situations (for applications in which
intervene magnitudes of ρ ∈ SC) the feature size that can perceive is limited
due to the sensitivity of the sensor and the noise produced in the acquisition.
The proposal here is the general modelling of registration problems, and then
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noise handling capability must be taken into account.

The registration process usually makes use of the subject magnitudes µ to
estimate the transformations Ψ. Since it has previously been shown that the
sensitivity of the VAS is optimized for all variables of ρ simultaneously, VAS
sensitivity is not necessarily maximized for each variable φi. It is not maximized
for each variable µi of the subject. Moreover, a VAS is generally designed for
performing a measurement of a subset of the subject magnitudes µi in the image.
Therefore, the sensitivity of the VAS can be very low for some of the magni-
tudes µi to be measured depending of the application. That is, it is possible
that the perception be suitable for measuring the surface colour or shape but
could not be suitable for measuring both together. Requirements of the mea-
surement determines perception capacity of the VAS. As solution, calibration
parameters of the camera or environment conditions must be adjusted to ade-
quately perceive magnitudes µi. This process of measurement is dependent on
the context requiring great knowledge about it and fine solution about camera
and environment parameters.

For registration tasks, the difficulties to perceive in scene magnitudes of SC

are consequence of a feature size smaller than the sensitivity of the sensor. Small
feature sizes cause the working point ρt to be easily located at the limits of the
range of S, at the minimum value of ρ that can be measured. Sensitivity of
general purpose RGB-D sensors is very low for the perception of shape magni-
tudes in small feature sizes (order of millimetres) due to the technology used
to estimate the depth. Additionally, the noise present in these general purpose
cameras difficult the perception carried out in the limits of S. In consequence
is very difficult to select working points in the set S close to the tuning point.

In order to overcome this limitation, a conditioning of the acquisition ΥC is
then proposed to allow the system increases the perception of the scene magni-
tudes, either changing the environment to increase the distances between ρ by
ΥC (Eq. 1.15), or by modifying the curve of sensitivity by means of ΥC (Eq.
1.15). In other words, using the resolution (another important sensor character-
istic that indicates the smallest change in the magnitude being measured that
the sensor can detect, e.g. the smallest feature size of a subject or the smallest
change in colour that the VAS can distinguish), since the resolution in those
ranges is very low (cannot distinguish small changes), it is necessary to force
large differences at the input. Moreover, it must be accompanied by a proper
minimization of the distance between the working point and the tuning point to
maximize its sensitivity in the range of the working point, with a transformation
ΥS (Eq. 1.13)
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1.5.2.1 Method for rigid registration based on AVM

In rigid registration, the goal is to find the affine transformation Ψ able to align
the environment of a set of images F (ρ). The subject o is the same as it is the
one to reconstruct. Both the camera c and the environment can change. An
environment e changes in reconstruction problems due to the point of view of
the camera varies respect to the subject in order to capture different views of
it from different parts. Usually, as the whole subject has to be reconstructed,
many points of view have to be selected. Moreover, the camera c can change as
well. For example, a sequence of views with different levels of zoom, variations in
γ, could be registered in order to capture different levels of detail of the subject.
Hence, in a general case I could state that for a rigid registration process the
transformation Ψ could involve the changes in e as well as in c for an input
subject o.

The registration process in subject reconstruction processes involves environ-
ment changes due to the camera position changes respect the subject to acquire
all possible parts of it. In this case the goal is to find the affine transformation
T between each view to a reference one making use of corresponding matches
commonly obtained from subject features from two different point of view. The
problem is when the subject feature size is lower than the resolution at a spe-
cific working point. This will cause difficulties in matching correspondences wsm
(see Eq. 1.1 for the general registration equation) necessary to find correlations
between views, F (ρ).

Due to the methodology proposed in this thesis aims the reconstruction
from a general point of view, the registration process should fit a wide range of
possible input qualities, including noisy or missing data. In adverse situations
differences in the scene magnitudes that the sensor can perceive are higher
than the feature size, therefore it is necessary to improve the VAS perception.
Here, it is proposed the conditioning of the scene (ΥC , Eq. 1.15) to force large
differences at the input. This means to work using a subset of scene magnitudes
different enough to be distinguishable, defined as A ⊂ P (Eq. 1.14). These
large differences (η) of the input (ρ) increase the difference in the output F , that
can be perceptible (ρj ∈ Ωρi). In order to do this, I propose to transform the
environment e by adding new objects with an easy and clearly defined geometry.
These objects will enable the system to perceive differences between points of
views due to the easy geometry allows to extract good matches. For example,
objects whose shape could be composed by faces containing large angles among
them (e.g. a cube, a pyramid, etc.). This approach will be instantiated in
Chapter 2.

Then, working using a subset of scene magnitudes A ⊂ P reduces the number
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of possibilities that the VAS has to deal with. Differences in F will enable the
perception of the scene magnitudes using the set SA in Eq. 1.18. The elements
do not necessarily correspond to those of subset S (Eq. 1.10).

SA = {ρi : |F (ρi)− F (ρj)|
∆ρi

≥ χ→ ρj ∈ Ωρi | ∃χ > 0,∀ρi, ρj ∈ A ⊂ P} (1.18)

In addition, if the conditioning is not sufficient to discern the scene mag-
nitudes to calculate the transformations Ψ, the distance between the working
point ρt and the tuning point ρs must be minimized using the transformation
ΥS . In this case, minimization is performed on the input magnitudes of the set
A. Therefore, the transformation ΥS operates with the values of the input mag-
nitudes SA (Eq.1.18). The proposed transformation ΥS (Eq. 1.19) make use of
the solution in Eq. 1.13 by calibrating the camera parameters γ to perceive in
a specific working point. It transforms camera calibration parameters γo into
γn resulting a new camera (from old co to a new cn). Moreover, a calibration
of the scene is performed placing the subjects and camera in an proper position
to improve the perception making use of the solution in Eq. 1.12. It transforms
environment values εo into εn resulting a new environment (from old eo to a
new en).

∃ΥS [F (ρen,cn) = ΥS(F (ρeo,co)) | ∀ρeo,co ∈ A,∃ρen,cn ∈ SA] (1.19)

As I stated before, the different images F (ρi|i=1..n) to be registered by the
function Ψ (Eq. 1.17) have to be distinguished properly (ρi|i=1..n ∈ Ωρj|j=1..n,i 6=j )
for extracting features used to find good correspondences wsm in order to calcu-
late the set of transformations Ti. With the above two transformations ΥC (Eq.
1.15) and ΥS (Eq. 1.19), a solution for the rigid registration Ψ is presented in
Eq. 1.20 and depicted in Figure 1.14.

∀i = 1..n,∀j = 1..n, i 6= j,

∃ΥC ,∃ΥS ,∃χ, η > 0 | ∀ρi, ρj ∈ P
F (ρeki ) = ΥC(F (ρi))→ ρeki ∈ A ⊂ P
F (ρelj ) = ΥC(F (ρj))→ ρelj ∈ A ⊂ P
F (ρek2,cw

i ) = ΥS(F (ρeki ))→ ρek2,cw
i ∈ SA

F (ρel2,cqj ) = ΥS(F (ρelj ))→ ρ
el2,cq
j ∈ SA[

ρek2,cw
i ∈ SA ∧ ρ

el2,cq
j ∈ SA

]
→ ρek2,cw

i ∈ Ωρel2,cq
j

(1.20)

In consequence, ΥC is applied for each image F (ρi|i=1..n) to be registered
transforming the environment (Eq. 1.20, 3rd and 4th lines). The resulting ρeki
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Figure 1.14: Outline of the rigid registration AVM solution which includes a
ΥC conditioning of the scene and a posterior ΥS calibration.

and ρelj are magnitudes of the set A (Eq. 1.14). After that, the transformation
ΥS is applied to the resulted magnitudes of A minimizing the distance between
the working point and the tuning point by calibrating the camera (cw and cq)
and the environment (ek2 and el2) (Eq. 1.20, 5th and 6th lines). It results in
the magnitudes ρek2,cw

i and ρel2,cqj members of the SA (Eq. 1.18). Hence, these
magnitudes can be properly distinguished (ρek2,cw

i ∈ Ωρel2,cq
j

) in the images to
extract the features used for correspondences and, thus, for the proper alignment
in Ψ.

1.5.2.2 Method for non-rigid registration based on AVM

In non-rigid registration, the goal is to find the deformable transformation Ψ
that aligns two datasets (location, colour, orientation...) extracted from a set of
images F (ρ). Unlike rigid registration where an affine transformation is equally
applied to all data in F (ρ), here each data is individually aligned (e.g.: a flag
waving changes the position of the points in the movement in different direc-
tions) to its correspondence in the other dataset. The problem remains the
same than in previous case: the difficulties to find good correspondences wsm.
However, the problem in non-rigid registration could be more challenging than
in rigid registration because to align the datasets, nonlinear transformations are
involved requiring more precise matches (i.e. some wrong matches for rigid reg-
istration could be solved due to the same linear transformation is applied for the
whole dataset). In this case, the matches could fail due to additional cases. For
example, feature size, missing data (as the data is freely moved, missing data
could end in improper displacements of the space), etc. Additionally, other
problem can appear such as registering two different spaces, for example, if two
colour spaces are going to be registered, problems like how to match RGB with
the circular H value of HSV arises. Going further, if the correspondences in one
space are different from another (e.g.: good location but bad colour matching),
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could result in a conflict to be handled.
The proposal to overcome these problems comes from an improvement of the

acquisition step. First, a conditioning of the scene is proposed. Whereas in the
rigid registration, the ΥC increases the distance in the input by transforming the
environment e, here a different approach is proposed. Non-rigid deformations
implies the subject varies its features (µ) over time (e.g. shape, colour, etc.).
Depending on the specific application, for example shape variations could be in
the order of seconds (e.g. gestures), days (e.g. plant growth), even years (e.g.
person growth). Recreate the same environmental conditions e (i.e. subject and
camera positions, angles, lighting, etc.) could be more difficult for long time
variations than recreate the same camera.

Hence, in order to provide a general solution to enhance the perception that
can be applied to different problems, I propose to use the transformation ΥC

(Eq. 1.16) of the sensor c by adding new inputs γ (i.e. adding more spaces to the
input as colour, shape, etc.). I choose this solution improving the camera due to
it and its parameters could be more stable over time than the environment. It
allows to modify the curve of sensitivity of the system to be able to distinguish
two consecutive ρ, (see example in Fig 1.12). The use of additional spaces
improves the perception due to it is easier to find differences in features. For
example, a 2D plane is difficult to properly register as infinite alignments can
be found, however if we add the colour space to the registration, the variations
in this space will provide more information to discern the position, i.e. to
distinguish ρ. Concretely, new spaces are added to the system (γn+1, γn+2, ...)
which is formulated as Eq. 1.21. With these new spaces, the function F (ρ)
change the curve of perception improving the sensitivity of the system.

F (ρ(γ1,...,γn,γn+1,...)) = ΥC(F (ρ(γ1,γ2,...,γn))) | ∃ρ(γ1,...,γn+1,...) ∈ A 6⊂ P (1.21)

The matching step of the registration process Ψ can be improved by adding
the new inputs to c in ρ. As I stated in Sect. 1.5.1, the magnitudes ρ(γ1,...,γn+1,...)

are in the set A (Eq. 1.14) but it is not a subset of P due to magnitudes ρk have
not been selected from P . The magnitudes in P have been concretized, being A
a set of magnitudes whose inputs (here, the camera) have higher dimensionality
than those pertaining to P . For example, Figure 1.7-B graphically shows this
process when a camera (γi|i=1..n) able to perceive just the shape µ2, it can
not distinguish the subjects o8 and o9. However, if the corresponding inputs
γj|j=n+1... are added to the camera to perceive also colour µ1, the subjects o8

and o9 can be distinguished by the system due to they are different in colour
and the system can perceive it.
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Again, the subset of magnitudes in which any scene magnitudes ρ is dis-
tinguished from another considered in the acquisition changes as in the rigid
registration solution for the subset A. In this case, as stated before A 6⊂ P .
Hence, the new subset SA6⊂P could be defined as in Eq. 1.22:

SA6⊂P = {ρi : |F (ρi)− F (ρj)|
∆ρ ≥ χ→ ρj ∈ Ωρi | ∃χ > 0,∀ρi, ρj ∈ A 6⊂ P}

(1.22)

Additionally, to work in the magnitudes of A 6⊂ P to calculate the transfor-
mation Ψ, the distance between the working point ρt and the tuning point ρs
could be minimized using the transformation ΥS . I propose the use of the same
transformation ΥS (Eq. 1.19) that the used for rigid registration. It calibres
the camera parameters γ to perceive in a specific tuning point and calibrates
the environment to move the working point closer to the tuning point.

In order the system could be able to register by the function Ψ (Eq. 1.17)
different images F (ρi|i=1..n) acquired over time, they have to be distinguished
properly (ρi|i=1..n ∈ Ωρj|j=1..n,i 6=j ) for extracting features used to find good cor-
respondences wsm over time. Hence, the solution proposed for non-rigid regis-
tration (Eq. 1.23) combines the above two transformations:

∀i = 1..n,∀j = 1..n, i 6= j,

∃ΥC ,∃ΥS ,∃χ, η > 0 | ∀ρi, ρj ∈ P
F (ρcki ) = ΥC(F (ρi))→ ρcki ∈ A 6⊂ P
F (ρclj ) = ΥC(F (ρj))→ ρclj ∈ A 6⊂ P
F (ρew,ck2

i ) = ΥS(F (ρcki ))→ ρew,ck2
i ∈ SA6⊂P

F (ρeq,cl2j ) = ΥS(F (ρclj ))→ ρ
eq,cl2
j ∈ SA 6⊂P[

ρew,ck2
i ∈ SA6⊂P ∧ ρ

eq,cl2
j ∈ SA 6⊂P

]
→ ρew,ck2

i ∈ Ωρeq,cl2
j

(1.23)

ΥC is applied for each image F (ρi|i=1..n) to be registered transforming the
camera (Eq. 1.20, 3rd and 4th lines) by adding new inputs (i.e. selecting new
cameras ck and cl). The resulting ρcki and ρclj are magnitudes of the set A
(Eq. 1.14) but not as subset of P due to input magnitudes from c has higher
dimensionality than the original in ρ. After that, the transformation ΥS is
applied to the resulted magnitudes of A minimizing the distance between the
working point and the tuning point by calibrating the camera (cw and cq) and
the environment (ek2 and el2) (Eq. 1.20, 5th and 6th lines). It results in the
magnitudes ρek2,cw

i and ρel2,cqj members of the SA6⊂P (Eq. 1.22). Hence, these
magnitudes can be properly distinguished (ρek2,cw

i ∈ Ωρel2,cq
j

) in the images to
extract the features used for correspondences and, thus, for the proper non-rigid
alignment in Ψ.
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1.6 Contributions and thesis structure

This thesis document is structured in the following chapters. Additionally, some
parts of this thesis have been successfully completed and published during the
course of the thesis research.

In the first chapter, the introduction of the thesis is presented. It includes
the motivation, the state-of-the-art that provides a general overview of the sen-
sors, reconstruction methods based on registration techniques, and an in depth
review of rigid and non-rigid registration methods. The objectives of the thesis
are also presented followed by the proposal and formulation of the problem.

• (Under review) J. Azorín-López, A. Fuster-Guillo, M. Saval-Calvo, and
J.-M. Gracia-Chamizo, “A Novel Active Vision Model to Design Inspec-
tion Systems for Specular Surfaces,”

In the Chapter 2, the Multiplane Model Estimation (MME) is proposed.
Following the proposal presented in Chapter 1, the rigid registration process
(presented in Chapter 3) modifies the environment to improve the necessary
correspondences to find transformations between views. This modification im-
plies the addition of makers in the scene. The MME proposal of this chapter
extracts the model of the markers in order to reduce the noise effects. Con-
cretely, as makers are planar shapes, the method estimates simultaneously a
series of planar models that fit a point cloud using some geometrical constraints.

• M. Saval-Calvo, J. Azorín-López, A. Fuster-Guilló, and J. Garcia-Rodriguez,
“3D Planar Model Estimation using Multi-Constraint knowledge based on
k-means and RANSAC,” Appl. Soft Comput., 2015.

In the third chapter (3), the MUltiplane 3D MArker based Registration (µ-
MAR) is presented. This registration method makes use of the makers modelled
in Chapter 2 to finely register a set of views. The method registers the markers
to apply the same transformations to the views of the object. The markers pro-
vide a more differentiable feature to overcome the noise and outlier problems of
point clouds.

• V. Morell-Gimenez, M. Saval-Calvo, J. Azorin-Lopez, J. Garcia-Rodriguez,
M. Cazorla, S. Orts-Escolano, and A. Fuster-Guillo, “A comparative study
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of registration methods for RGB-D video of static scenes,” Sensors (Switzer-
land), vol. 14, pp. 8547–8576, 2014.

• M. Saval-Calvo, J. Azorín-López, and A. Fuster-Guilló, “Model-Based
Multi-view Registration for RGB-D Sensors,” 12th Int. Work. Artif. Neu-
ral Networks, IWANN 2013, pp. 496–503, 2013.

• (Under review) M. Saval-Calvo, J. Azorín-López, A. Fuster-Guilló, and
H. Mora-Mora, “mu-MAR: Multiplane 3D Marker based Registration for
Depth-sensing Cameras,”

• (Under review) V. Morell-Gimenez, M. Saval-Calvo, J. Azorín-López, J.
Garcia-Rodriguez, M. Cazorla, S. Orts-Escolano, and A. Fuster-Guilló, “A
Survey of 3D Rigid Registration Methods for RGB-D Cameras,”

In Chapter 4, the colour Coherent Point Drift (CCPD) is proposed. To eval-
uate the deformation suffered by the objects, a non-rigid registration method
has been proposed to evaluate the transformation between views of the object
over time. The difficulties in the acquisition which could make a non-rigid reg-
istration fail has to be overcome. Here I proposed in Subsection 1.5.2.2 a formal
procedure to do this. Hence, in this chapter a generalization of the non-rigid
registration CPD is presented, to combine different spaces (3D location, colour,
geometry,...). Concretely, colour and 3D location is studied in depth and eval-
uated.

• M. Saval-Calvo, S. Orts-Escolano, J. Azorin-Lopez, J. Garcia-Rodriguez,
and A. Fuster-Guillo, “Non-rigid point set registration using color and
data downsampling,” in Internation Joint Conference in Artificial Neural
Networks, 2015.

• M. Saval-Calvo, S. Orts-Escolano, J. Azorin-Lopez, J. Garcia-Rodriguez,
A. Fuster-Guillo, V. Morell-Gimenez, and M. Cazorla, “A Comparative
Study of Downsampling Techniques for Non-rigid Point Set Registration
using Color,” in International Work-conference on the Interplay between
Natural and Artificial Computation, 2015.
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• (Under review) M. Saval-Calvo, J. Azorín-López, and A. Fuster-Guilló,
“Color Coherent Point Drift for point set registration,”

• (Under review) M. Saval-Calvo, J. Azorín-López, and A. Fuster-Guilló,
"A multiple-space non-rigid registration method using Gaussian Mixture
Models"



Chapter 2

Acquisition: Multiplane
Model Estimation

In this chapter a proposal for minimizing the noise effects of objects
in model extraction is presented. Referencing the previous Chapter 1,
to improve the rigid registration which will be studied in depth in the
next Chapter 3, the environment is a key part of the final result qual-
ity. Here, I propose a technique to reduce the effects of noise adapting
the environment to improve the results of the final rigid registration.
Concretely, the environment involved in the rigid registration is altered
using known markers, which will be treated in this chapter as the objects
of analysis. Then, a proposal is presented to obtain accurately the geo-
metrical planar model, called Multiplane Model Estimation (MME), of
known objects to reduce the effects of noise in its representation for rigid
registration purposes. It is based on kMeans and RANSAC paradigm,
including the next steps: object faces clustering using Point Cloud Clus-
tering, based on kMeans with object information (constraints); model of
each cluster estimation using Multi-Constraint RANSAC here proposed.
The results show the good performance of the method, outperforming
the state-of-the-art proposals, for both synthetic and real data.
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2.1 Introduction

In this chapter, I focus the attention on the rigid registration problem to re-
construct 3D subjects, included in the general methodology proposed in this
thesis. In order to provide a technique to reduce the noise produced during
the acquisition, here, I formally introduce the rigid registration model which
will be deeply studied in Chapter 3. This proposal will take two main parts:
first the improvement of the acquisition of the scene, which is the goal of this
chapter; second, the proposed rigid registration technique which makes use of
the improved scene to accurately align all views, studied in Chapter 3.

2.1.1 Rigid registration context

The general model to provide solutions for vision systems in real and adverse
situations, presented in the introductory Chapter 1, models the system using a
function of scene magnitudes F (ρ). Each component of the magnitudes can be,
at the same time, modelled with three inputs: subject of interest o, camera c
and environment e. Rigid registration methods (Eq. 1.1 and Eq. 1.17) align
various data sets all together into a common coordinate system. In terms of
the model for vision systems, the data sets belong to different ρ compound by
the same subject (o). However, either the camera (c) or the environments (e),
or both can change. For example, a change in e could mean to move the view
point of the camera respect to the subject, and a change on c could be a zoom
variation. Concretely in this thesis, I treat the cases in which e changes in the
variables εi referring to different relative position between camera and subject.
They are treated in this chapter.

The aim of the registration is to find the transformations Ψ (Eq. 1.17) be-
tween each view point (see Sect. 1.5.2). For this thesis, the sensing system is
composed of a general purpose RGB-D camera which provides colour and depth
information. This general purpose sensor has a balanced sensitivity for a wide
range of vision problems. It means that the sensitivity χ in Eq. 1.10 required to
solve a specific problem is less than the provided by the camera for the subset
of P considered in the application. For example, the sensitivity of the camera is
enough to roughly reconstruct a human body in order to interact with a game
if the player is about 3 meters from the camera. However, at that distance, the
sensitivity is not enough to detect millimetre features as for example face wrin-
kles. These sensors produce noise in the depth information (about millimetre
orders) with a Signal-to-Noise ratio that difficult the perception of small shape
features, which is critical in the registration process when a high accuracy is
required in the application. The accuracy has to be understood here as the
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degree of closeness of the alignment provided by the registration process and
the true alignment. An alignment will be more accurate when it offers a smaller
distance to the real one.

Following the Active Vision Model for rigid registration problems presented
in the introductory chapter in Subsection 1.5.2.1 for improving the perception
in adverse situations for rigid registration purposes, I am going to present in
this chapter and in the following (Chap. 3) a proposal to finely register subjects
in presence of noise and low sensitivity with respect to the expected sensitivity
χ required by the application.

This novel proposal initially takes into account a conditioning of the system
to improve the perception. In this case, as proposed in Subsection 1.5.2.1, a
transformation ΥC of the environment e is performed (Eq. 1.15). This trans-
formation increases the distances of the scene magnitudes until they can be
distinguishable, making up the subset A ⊂ P (Eq. 1.14). ΥC is concretely
implemented in this thesis by introducing planar objects with large angles be-
tween its faces in the context of the acquisition. The environment e1 will be
changed by introducing these planar objects resulting in a new environment e2.
The magnitudes of the scene ρe1

i will be transformed to ρe2
k ∈ A. Since wide

angles are perceptible by the system, it is possible to estimate the correspon-
dences between two view points and hence the transformation between them.
These new objects included in the environment, hereafter called 3D markers,
are compound by many planar faces (e.g.: a cube, a pyramid, a prism).

Figure 2.1 and 2.2 are going to be used to graphically explain the proposal
ΥC with markers, showing the meaning of working with large angles. Figure
2.1 represents the angle between the normals of a surface shape (µs) and the
view point of the camera (εv). These angles are going to be estimated in order
to evaluate correspondences wsm between datasets to calculate the registration
transformations Ψ. Concretely, these angles are the difference in orientation
(shape orientation) between the view point of the camera respect the subject
(εv) and the normal of the shape (µs). For example, the angle between εv and
µs2 is 90o and with the µs1 is 180o. For angles larger than 90o, such as the 180o

with µs2 , the angle is subtracted to 180o in order to normalize it between 0o and
90o. This is done because it is assumed that it is not possible to perceive the
surface of the subject pointing backward of it, then the normals always point to
the camera.

Figure 2.2 shows an example of measuring the mentioned angles. Figure
2.2-A shows in red the calibration curve to perceive the angle (as described
above) as the scene magnitude (ρφv ), the sensitivity in green, and the blue
hyphened vertical lines represent the distinguishable angles (those that can be
distinctly perceived in F (ρ)). The angles (φv) are obtained from the three
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Figure 2.1: Angle φv between camera view point and the object normals

components: environment represented by the view point (εv), the normals of
the shape (µs), and the camera c parameters (e.g.: distortion γD), resulting
in φv(o, e, c) = g(angle(εv, µs), c) where g is a function that provides the view
point using the angle represented in Figure 2.1 and the camera parameters.

Noise of the sensor highly affects the perception of the normal orientations
of the shape (µs) producing differences between the actual normal of a point
in the surface and the estimated one. Moreover, due to the low sensitivity, the
sensor cannot provide points accurately enough to perceive small shape changes,
fact that also affects the normal perception as differences in the actual surface
that are not perceived by the sensor. This will produce similar orientation in
the normals where different ones should be estimated. For example, Figure
2.2-B shows the normals of two examples of surface shapes (µs). For the right
figure (pink) in Fig. 2.1-B, the system can perceive the angles marked as pink
circles in Fig. 2.2-A. There are slightly different changes in orientation that the
system is not able to perceive. Despite the sensor can appropriately distinguish
angles frontally (close to 0o), the distance between the perception in F , is not
able to differentiate angles between 2o and 4o nor 4o and 7o producing error in
the normal perception. Moreover, the noise could alter the perceived location
of the points respect to the original one, producing erroneous normals due to
normals are so close each other. They are just able to produce two changes in
F (2∆F (ρ)), any variation in noise affects clearly in the Signal-to-noise ratio.
Therefore, the proposal of introducing planar objects with large angles between
its faces in the context of the acquisition is based on the fact that these large
distances are easily perceptible. In other words, the system is forced to work in
a subset A ∈ P . It is shown in the example for the shape in the right (orange)
of Fig. 2.1-B. The system can perceive the angles marked as orange circles in
Fig. 2.2-A. If large angles such as 90o are used, the distance is large enough to
handle deviations produced by noise. In this case, the shape orientation affects
10 times the changes in F (10∆F (ρ)).

Although working in the set A facilitate the perception of the scene, this
conditioning could be not enough in some cases to perceive accurately shape
component µ of the object due to the noise of the RGB-D sensors and the accu-
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Figure 2.2: Outline of the distinguishable angles related to the sensitivity of the
sensor in rigid registration problems. A) Curve of calibration. B) Example of
normal orientation representation.

racy required by the application. Then, minimization of the distance between
the tuning point (point in the space of scene magnitudes with optimum sensing)
and the working point (point in the space of scene magnitudes where we are
sensing) is proposed modelling the transformation ΥS in Eq. 1.19 in order to
work in scene magnitudes of A that are distinguishable belonging to SA (Eq.
1.18). The proposal includes the transformation of the environment eo in a new
one en by calibrating the environment close to the point of scene magnitudes in
which the camera has maximum sensitivity. It includes that the object has to be
positioned in a proper position respect to the sensor (distance, view point, etc)
and the lighting conditions has to facilitate the perception. For example using
a Microsoft Kinect, the subject should be positioned about one metre from the
sensor (according to depth and colour sensitivity) to perceive in the range of
maximum sensitivity of the camera.

Moreover, the camera co is transformed into a new camera cn by calibrating
the γ parameters of c and by estimating plane models that compose the markers.
Calibrating the γ parameters enhance the sensitivity of the system for a specific
ρ. It includes the calibration of the intrinsic parameters of the camera which are
very important for the accuracy of the acquired data (see Appendix B). Esti-
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Figure 2.3: Example of acquisition of real (noisy) data from a cube. A) Curve
of calibration (red) and sensitivity (green) after ΥC is applied. It also contains
the measurements (orange) of the cube (B).

mating plane models that compose the markers is carried out by a model-based
method able to extract planes from the acquired scene. Concretely, I consider
the estimation of the plane models for each face in which the markers are com-
posed. The fact of including new objects described by planes far each other in
angles in ΥC , improves the perception. Moreover, as it will be explained in next
Chapter 3, the planes will be used in the registration for both, correspondence
estimation and registration process. A model based perception of the markers
attenuates the noisy data. To explain it graphically, Fig. 2.3-A shows again in
red the calibration curve to perceive the angle as the scene magnitude (ρφv ),
the sensitivity in green, and the blue hyphened vertical lines represent the dis-
tinguishable angles. In this case, the calibration curve is after the application
of ΥC by conditioning the environment e. The scene magnitudes (ρeφv ) repre-
sented by the angle φv are those in A ∈ S. For the cube in Fig. 2.3-B, the
system perceives the true data (in black) as the points marked in orange. The
model based perception fits planes at each face of the marker in order to deal
with the noisy data. That is, a set of points (in orange) should be in the same
plane containing the face of the marker: light orange points should be fitted in
the same plane as well as dark orange points fitted for another plane. It has to
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be understood as several measurements of a plane orientation corresponding to
each face. Hence, the precision of the measurement could be improved by fitting
a model of a plane at each set of orientation measurements. In other words, if
the precision could be analysed as a measure of random noise, the model-based
fitting increase the precision and reduce the noise effects. After applying this
transformation ΥS , the output of the camera is composed by planes of the scene.
This is the main contribution of this chapter, using the proposed method MME
in Subsection 2.2.

2.1.2 Related works

With the proposal previously presented for rigid registration, 3D planar markers
have been proposed to improve the perception of the environment changes.
Moreover, in order to improve the data, it has been proposed to estimate the
model of the planes composing the makers. In order to do this, a study of
methods to estimate planes from point clouds has been done.

Plane estimation is a common problem to be solved in different applications
including planar object reconstruction, mapping using planar surfaces to localize
a robot in an environment, or to minimize the effects of noisy data.

One of the most popular methods for estimating a model from a set of 3D
data is the RANdom SAmple Consensus (RANSAC). This method or paradigm
was proposed by Fischler and Bolles in [Fischler and Bolles, 1981] for fitting
a model to experimental data by selecting a random subset of input values,
estimating a model from these values and then evaluating the quality of the
model based on the overall dataset. This process is applied iteratively until
convergence, or for a predefined number of iterations. Finally, the best model
is selected (i.e., that minimize the average used error metric for the whole point
set).

One of the most important advantages of RANSAC is that it is not con-
strained to a specific dimensionality. For example, it has been used in various
situations such as two-dimensional (2D) line fitting [Aly, 2008][Borkar et al.,
2012] for smart cars to estimate the directions of road markings and to guide
the car between them. Another common use is for removing outliers during
image matching. Raguram et al. [Raguram et al., 2008] reviewed the use of
RANSAC variants for matching outlier removal in 2D features. RANSAC was
also applied to 3D registration by Su et al. [Su et al., 2013] and Henry et
al. [Henry et al., 2014]. The RANSAC in outlier removal is used to evaluate
the correspondences between view to be registered. A set of descriptor (SIFT,
FAST, SHOT...) are determined in the different views and correspondences are
estimated. Then, RANSAC is applied to estimate the subset of descriptors that
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provide best correspondences (i.e. which provides the best alignment of that
data after they are use to estimate the transformation to register them). Fur-
thermore, Hassner et al. [Hassner et al., 2013] employed RANSAC to align 3D
data with 2D images. Zhou et al. [Zhou et al., 2013a] used RANSAC to obtain
camera parameters by removing outliers during the calibration process, making
use of re-projecting error to estimate the outliers.

However, the RANSAC algorithm has a random step that affects repeata-
bility. Thus, Hast et al. [Hast et al., 2013] proposed a variation of RANSAC by
introducing a recalculation hypothesis step where only the inliers of the previous
step are used, thereby allowing the method to find the optimal set even with a
high percentage of outliers.

The use of RANSAC has been studied widely for plane model fitting. Tarsha-
Kurdi et al. [Tarsha-kurdi et al., 2007] compared the use of the Hough transform
and RANSAC for 3D roof plane estimation, concluding a better performance
of RANSAC. Moreover, they proposed two improvements for roof detection:
first including standard deviation in the best model selection step, and second
to improve the plane detection rejecting or merging non-classified data to the
existing planes using a region growing algorithm . Kim et al. [Kim et al., 2012]
used RANSAC for plane detection during stereo matching in scene reconstruc-
tion. Mufti et al. [Mufti et al., 2012] focused on finding planes (walls and the
ground plane) in moving scenarios that comprise frames during the movement
of a robot in autonomous navigation. They used spatio-temporal information to
evaluate the consensus set and to estimate the probability of a point belonging
to a specific plane.

In many cases, multiple planes have to be estimated in a scene. Gallup et
al. [Gallup et al., 2010] extracted planar and non-planar regions using itera-
tive RANSAC, where they selected a random set of points, estimated a plane
using RANSAC, obtained the data that fit this plane and then repeated the
process with the remaining data until the remaining points could not be used
to find a plane. Zuliani et al. [Zuliani et al., 2005] presented multiRANSAC
as a modification of the traditional RANSAC for multiple models simultaneous,
where the data that fitted the models were estimated using disjoint consensus
sets. The algorithm has been evaluated against traditional RANSAC using syn-
thetic and real data. Schnabel et al. [Schnabel et al., 2007] proposed the use
of multiple primitives in order to find the maximum number of inliers that fit
different primitives (planes, spheres, cylinders, cones and tori) in an iterative
manner. Sinha et al. [Sinha et al., 2009] estimated planes used vanishing points
and 3D line segments estimated from several views of a scene. RANSAC was
applied to the remaining points that had not been assigned previously to any
model. Isack and Boykov [Isack and Boykov, 2012] proposed a method called
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PEARL that combines model sampling with the iterative re-estimation of inliers
and model parameters. This method does not employ a predefined number of
models because it uses traditional RANSAC for their initialization.

Three previous studies are highly related to the method proposed in the
present study: [Gallo et al., 2011], [Zhou et al., 2011] and [Zhou et al., 2013b],
as they estimate multiple planes with clustered 3D point sets. These approaches
pre-cluster the data in order to find better planes, instead of simply selecting
random data and trying to find the best match for a planar model. The first
method is a CC-RANSAC variant for fitting multiple surfaces, which employs
pre-clustered data to allow the RANSAC algorithm to obtain better results.
This method assumes ground plane situations with steps, curbs or ramps. In
these situations, the traditional method would fail to obtain a single plane if
it crosses two or more patches. This situation occurs because the planes that
comprised the scene including the step, curbs or ramps, are located and oriented
close each other that for certain level of Signal-to-Noise ratio the inlier evaluation
step of RANSAC cannot distinguish between noisy data and a different plane.
In order to avoid this problem, the CC-RANSAC variant method pre-clusters
the data using the connected 8-neighbours components. The second and third
methods, i.e., [Zhou et al., 2011] and [Zhou et al., 2013b], improve the previous
method by adding vector normal information to allow the estimation of each
cluster in the clustering and patch-joining steps. In the proposed method of
this chapter, I also add scene knowledge (e.g. angle between planes) to improve
the results, by including constraints in the clustering stage as well as during
RANSAC model fitting. This improves the results greatly when the Signal-to-
Noise ratio is low, whereas other methods fail to cluster correctly and thus the
RANSAC stage also fails.

Other techniques have been proposed for model fitting, e.g., Mercer Kernel
statistical learning techniques were used to estimate model fitting by Chin et
al. [Chin et al., 2009], while Zhou et al. [Zhou et al., 2010] used particle swarm
optimization for multiple model fitting.

After considering the state-of-the art methods obtaining the geometrical
model estimation from a point cloud, a challenging problem still remains when
the Signal-to-Noise ratio difficult to achieve the result with the accuracy re-
quired by the system, situation that could happen when RGB-D sensors are
used. In this study, I propose a method for estimating the planes that best fit
the model of a planar object, called Multiplane Model Estimation (MME). The
inputs comprise a 3D set of points and a group of constraints, and initial cluster-
ing (Point Cloud Clustering, PCC) is performed using a new variant of kMeans
based on the knowledge extracted from the real model (e.g. topology, geome-
try). Next, a variant of RANSAC with multiple constraints (MC-RANSAC) is
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applied to estimate the best planes that fit each cluster and that preserve the
object model (i.e. preserve the constraints that define the model in terms of the
problem to be solved).

The remainder of this paper is organized as follows. In Section 2.2, we
explain the method, where Subsection 2.2.1 describes PCC clustering and Sub-
section 2.2.2 presents the MC-RANSAC approach. In Section 2.3, we present
the results of experimental evaluations of the PCC (Subsection 2.3.1) and MC-
RANSAC (Subsection 2.3.2) methods. Finally, we give our conclusions, includ-
ing descriptions of the main advantages of the proposed method and the most
interesting results obtained.

2.2 Multiplane Model Estimation

In this section, it is explained the proposed MME method in detail. Using 3D
spatial data as the inputs, the MME method employs a group of constraints to
estimate the planes that best fit the 3D point clouds. The constraints introduce
in the process information about some features of the planes we are looking
for. Their choice depends on the problem, for example, if we are interested in
orientation of planes the constraints will be defined by the orientation of planes
(case of this thesis), whereas if we want to restrict the location of planes in the
space, a centroid distribution can be used as constraints. This method is divided
into two main steps: PCC based on the kMeans algorithm and a search tree
(see Section 2.2.1); and a proposed variant of the RANSAC method called MC-
RANSAC (see Section 2.2.2), which estimates the models from clustered points.
Figure 2.4 shows a diagram of the MME, with the PCC and MC-RANSAC steps.
The hyphened arrows represent real points transferred between steps and the
thick arrows are constraints in the model. The algorithm has two inputs: a point
cloud and the model constraints. It is important to stress that the model shown
in the figure is actually represented in the method by the angles between each
pair of planes (e.g., Table 2.1). The point cloud is clustered using traditional
kMeans based on point and normal vector information, where the clusters are
evaluated using the model constraints. The points classified as correct clusters
are sent to MC-RANSAC to finally estimate the planes again using the model
constraints.

Finally, it is important to note that the MME method is suitable for N-
dimensions because kMeans and RANSAC can work in N-dimensions. In this
study, we focus on 3D planes in depth, but the general method is explained in
Section 2.2.2.



54 2.2. Multiplane Model Estimation

KMeans

Decision of 
correct planes 

using a tree 
and model 
constraint 

Multiple-
constraints 

RANSAC

3D Point 
Cloud

Final planes 
repesented by 
their Normals 
and Centroids

       P1       P2      P3     P4      P5
P1    0       135   135    45      45

P2   135     0       60     90      120

P3  135     60        0     120    90

P4   45      90      120     0      60

P5  45      120      90     60       0

1

2 3

4 5

Model

Model 
represented 

by a matrix of 
angles

Figure 2.4: General overview of the process. There are two inputs: a point cloud
and a group of constraints. The model is represented using a matrix of angles,
which are the constraints. First, the points are clustered and the correct clusters
are detected. Next, a MC-RANSAC extracts the planes of the remaining points.

2.2.1 Point cloud clustering

In this subsection, I explain the PCC step of the MME method. A short sum-
mary is provided in Fig. 2.5, which shows that PCC employs a raw 3D point
cloud and a table of constraints on the model (e.g., Table 2.1) as inputs. The
method estimates the clusters that best fit the model in three main steps. First,
a kMeans algorithm estimates the clusters based on the 3D points and normal
vectors. Second, similar planes (e.g., similar angles, distances and colours) are
merged, where we used the plane orientation in the present study. Finally, a
tree search technique finds the best cluster. The best solution is used as the
input for the next step (as explained in Subsection 2.2.2).

For each point in the point cloud, the normal vector is estimated using
its neighbourhood. The size of the neighbourhood affects the homogeneity of
the orientation of the normals in a plane. The size of the neighbourhood for
the point cloud case is defined as the number of points used in the normal
estimation. The normals will be smooth for a large neighbourhood (i.e., all of
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Figure 2.5: PCC process scheme

the normals in a plane will point in the same direction), but the edges of the
objects will also be smoothed, and thus they are less descriptive. By contrast,
if the neighbourhood is small, the normals will be affected greatly by noise and
they will be less uniform for a single plane surface. In the present study, after a
set of tests to estimate the best size of neighbourhood that balance homogeneity
and sharp edges for the case of study, I selected values of 7 or 11 points).

3D points and normals are normalized within the range [-1,1] to equalize
the weights in both cases in the proposed method. Next, I apply the well-
known kMeans algorithm to obtain an initial clustering that considers the spatial
location and orientation. This method needs a predefined number of clusters. In
order to determine the number of cluster, I use at least the maximum number
of planes visible from a single point of view, although I suggest the use of a
higher number in order to manage noise. However, the higher it is the number
of planes, higher processing time will be due to, as it is explained after, it is
necessary to evaluate merging and rejecting of more cluster, with errors that
could produce wrong clusters that do not define the planes of the real object.
Then, I suggest to use the minimum number of clusters that define each visible
real plane and can handle the noise. For example, if we are looking for a cube,
the maximum number of planes from a single view will be three (top or bottom
and two sides), and thus I use 3 + d3 ∗ perce, where this percentage, perc, 0.4,
was estimated experimentally in this study.

After I obtain the initial clusters, it is necessary to merge and/or reject
some of them. The number of clusters initialized is higher than the maximum
number of planes, so it might appear that there are various clusters where there
is only one in the real object, or clusters of incorrect noisy points that cannot be
included in any correct cluster. To merge the clusters, I evaluate the similarity
of the orientations of the normals of the clusters, which corresponds to the
average of all the normals that belong to each cluster. The clusters are joined if
the angle is below a threshold. Centroids are not used in this step because they
can produce incorrect solutions. For example, if two small clusters are close
each other on both sides of an edge in the real model, and if distance between
centroids is used for merging, they could be wrongly joined while they should
remain separated.
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The next step is the most critical feature of this part of the algorithm. After
merging, we might still have incorrect clusters, which must be rejected using
the model provided by the table of constraints. For example, if two clusters
describe the same plane in the real object, and they could not be merged, we
should reject one using a criteria that best fit the problem. Thus, I propose
the use of model constraints and a tree search technique to determine which
of the clusters best represents the model planes. First, I explain the model
constraints. The model is defined by the relationship between the planes in
the real object, e.g., distances, sizes or colours. In this study, it is proposed
the use of the angles among the planes to describe the geometrical model of an
object, where two angle correspondence matrices are used to represent the angles
between each pair of planes. First one corresponds to the model constraints,
Anxn, Table 2.1, where n is the maximum number of planes visible in a single
view of the real model, which makes the algorithm invariant to position and
scale. And the other represents the angles between the previously estimated
and merged clusters, Bmxm, Table 2.2, where m is the number of clusters. I
refer to these as the Model A and Object B. An example of A is depicted in
Figure 2.5 with the matrix of angle correspondence and the planes associated
to the matrix.

In order to evaluate the clusters that describe the planes and those that
should be rejected, different situations can be handled by evaluating the corre-
spondences between A and B, as follows.

• A and B are not necessarily aligned because PAi in A does not correspond
to PBi in B.

• A and B could have a different number of planes because A has the max-
imum visible planes whereas B may be a view with fewer planes. For
example, a cube would have A with n = 3 but if the current view is from
the front, B could be m = 2 for the front and top sides.

• B could have incorrect planes due to noise effects.

To consider all of these situations, we need to identify the best group of

Table 2.1: Model angle correspondence matrix.

A PA1 PA2 PA3 . . . PAN

PA1 0 α(1,2) α(1,3) . . . α(1,n)
PA2 α(2,1) 0 α(2,3) . . . α(2,n)
PA3 α(2,1) α(3,2) 0 . . . α(2,n)
...

...
...

...
...

...
PAn α(n,1) α(n,2) α(n,3) . . . 0
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Table 2.2: Object angle correspondence matrix.

B PB1 PB2 PB3 . . . PBM

PB1 0 β(1,2) β(1,3) . . . β(1,m)
PB2 β(2,1) 0 β(2,3) . . . β(2,m)
PB3 β(3,1) β(3,2) 0 . . . β(3,m)
...

...
...

...
...

...
PBm β(m,1) β(m,2) β(m,3) . . . 0

clusters in B that fits A using a tree search technique. The tree of solutions
(Figure 2.6) is obtained with n levels, where each belongs to a plane in the
model. The nodes at every level correspond to every possible value in B, and
are generated following any criteria that minimized the process of searching
the branches that produce correct combinations of clusters for the problem.
The number of branches generated by this tree is nm, so it is necessary to use
reduction techniques. Thus, I propose to evaluate the most similar planes from
B to A, which involves finding the clustered planes that are most similar to those
in the model based on comparisons of their angles, where Eq. 2.1 is applied to
each plane in B for this purpose:

Similar(PBx) = max(
N∑
y=1

count(PBx ≈ PAy)) (2.1)

where count(PBx ≈ PAy) is the number of values (angles) in PAy that differ
by less than a threshold respect to PBx. The threshold affects in the model
estimation accuracy of the estimated planes respect to the original ones in the
object. However, if the threshold restricts too much the search, we could reject
planes that appear in the real model but are over the threshold due to the noise.
For example, using Table 2.3, we may assume a threshold of 5 (which means
that any difference in the angles that exceeds this value will not be considered),
and thus the plane PB1 will have two similar values with PA1, one with PA2,
and two with PA3. Next, we keep the maximum values, so PB1 could be related
to PA1 or PA3, as found in the model. Using this formula, we obtain a table
of possible correspondences between A and B, which maximize the likelihood of
Object and Model, thereby reducing the solution space. Table 2.4 shows the
results obtained for the example in Table 2.3.

As an example, Table 2.3 shows theModel and Object angle correspondence
matrices, which shows the case that there are more planes in the Object, PB1..4

than PA1..3. Using Eq. 2.1, the search space is reduced to obtain Table 2.4.
Finally, the best results that maximize the number of planes in B that represent
planes in the real object in terms of their constraint angles, will be PB1 and
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PB2, which correspond to PA1 and PA2 in Model, respectively.

Table 2.3: Example Model and Object angle correspondence matrices. The left
table shows the angles between the planes in the model and the right table
presents the angles between the planes of the clusters. In this case, B has
more planes than A. Moreover, the best result includes PB1 and PB2, which
correspond to PA1 and PA2, respectively.

A PA1 PA2 PA3

PA1 0 45 90
PA2 45 0 45
PA3 90 45 0

B PB1 PB2 PB3 PB4

PB1 0 44 70 91
PB2 44 0 46 73
PB3 70 46 0 80
PB4 91 73 80 0

Table 2.4: Possible correspondences between planes in A and B.

PB1 PB2 PB3 PB4

PA1 PA2 PA1 PA1
PA3 PA2 PA3

PA3

After this reduction of the search space, it is not always possible to obtain
the response within a reasonable time. Thus, I evaluate the branch while the
nodes are being inserted into the tree by using a backtracking algorithm to
detect wrong values at an early stage that do not correspond to the angle in the
real model. The insertion of nodes are made following any criteria which fits the
problem, that could be in order, random or sorting the inputs to obtain a specific
priority in the search process. The evaluation the wrong values is performed
by comparing the angles between the new node with all the predecessors in the
tree, and the corresponding planes in Model constraint matrix. If the values in
Object (B matrix) are similar to those in the Model matrix, the new node is
accepted and inserted. When all of the levels are filled, the branch is selected
as a possible candidate among a good set of planes. Not all of the planes in B
correspond to the planes in A, so it is necessary to add an empty value to the
decision tree (Figure 2.6), which allows the algorithm to handle incorrect and
missing planes. Finally, if more than one solution is obtained, the solution where
more points are added to all clusters in the branch is returned. For the example
shown in Figure 2.6, (PB1 ∪ PB2 ∪ ∅), (PB1 ∪ ∅ ∪ PB4), and (PB1 ∪ ∅ ∪ ∅)
are possible solutions. If we assume that cluster PB1 has 100 points, cluster
PB2 has 200 points and cluster PB4 has 100 points, then the result will be
(PB1 ∪ PB2 ∪ ∅) because the total number of points added to the cluster for
that branch will be 300.

The full algorithm is summarized briefly in Algorithm 1.
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Figure 2.6: A partial tree for the example considered. The hyphened lines
represent a good subset of planes, which preserve the constraints.

2.2.2 Multi-Constraint RANSAC

In this subsection, I present the proposed Multi-Constraint RANSAC (MC-
RANSAC) method for estimating the planes that best fit the input data using
prior knowledge related to the object model. This method is based on the orig-
inal RANSAC paradigm and it also employs the idea proposed in [Gallo et al.,
2011] of pre-clustering the input data. In the previous section, we proposed
a method for this purpose, but any clustering method can be used because
MC-RANSAC is independent of the pre-clustering process. Three main steps
are considered (see Figure 2.7), including the two main steps in the general
RANSAC method: estimating the model using a random subset of data and
evaluating the inliers for the remaining data. In my method, there are several
input data groups, i.e., one for each cluster, so one subset is calculated with
a random seed and a spedific neighbourhood for each group of data and the
evaluation of inliers is also applied to each group. Furthermore, a middle step
is introduced where the constraints are evaluated. We assume that the union
of all planes yields a globally correct figure, i.e., there are no incorrect groups.
Therefore, if all of the constraints are not satisfied, the whole method returns
an error status. This may mean that is not possible to obtain this model using
these data or that the pre-clustering results are incorrect.

In this study, the method is evaluated using 3D planes where the input data
comprise 3D points and the groups are the previously calculated clusters (see
subsection 2.2.1). The incorrect groups are rejected in the PCC step, so we do
not have to handle incorrect planes in MC-RANSAC.
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Data: Point Cloud; Model Constraints
Result: Point Cloud clusters that fit the constraints

1 ClustersAux := kMeans(points,normals,numClusters);
2 for each cluster idC1 and idC2 in ClustersAux do
3 if ClustersAux(idC1)≈ClustersAux(idC2) then
4 ClustersAux(idC1) = ClustersAux(idC2);
5 end
6 end
7 Calculate A and B angle correspondence matrices;
8 for each plane in B do
9 Estimate similar planes in A using Formula 2.1

10 end
11 while there are possible solutions to evaluate do
12 read current candidate for the level;
13 if new node fit constraints then
14 go to next level;
15 if is the last level then
16 PossibleSolutions.add(branch);
17 end
18 else
19 go back to the previous level and change the candidate;
20 end
21 end

Algorithm 1: General PCC algorithm. First, kMeans estimates the clus-
ters based on the points and normals. Next, the planes with similar orienta-
tions are joined. The clusters that obtain the best solutions corresponding
to the constraints are calculated using a tree search technique.

The method MME has gathered data as input from which the planes are
going to be extracted. The MC-RANSAC input comprises a set of clustered
data and a constraint matrix with the relations between each cluster (this matrix
was explained in the previous section). However, only the relations between the
clusters returned by the PCC step are used now, as we know those selected
planes and the correspondents in A. For the example shown in Tables 2.3 and
2.4, we only use PA1 and PA2 columns and rows in the matrices. The first step
involves selecting a subset of data from each group, where the mathematical
model of each individual subset is estimated. In the specific case of 3D planes,
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Figure 2.7: MC-RANSAC process scheme.
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least squares estimation can be employed to extract the models.
As mentioned above, the MC-RANSAC is divided into three main steps.

The first one consists in selecting a subset of data from each group. For this
selection, a random seed per cluster is calculated and a neighbourhood of it
chosen. The neighbourhood size affects in the way that if it represents a high
percentage of the points in the cluster, the model estimated could be erroneous
in terms of representing the actual plane in the real object, due to percentage of
having an outlier in this initial subset increases. Whereas, if the neighbourhood
is small in percentage of point in the cluster, the noise will cause problems in
finding a proper plane that represents the corresponding real one by fitting the
constraints. With the subsets, the plane model is individually estimated. In
the particular case of the 3D planes any mean to calculate the plane from a set
of points could be used. Least Squares Estimation is applied if this thesis to
extract the model of each subset which belong to a cluster.

After estimating the models, I propose to introduce a step where the con-
straints are evaluated. These constraints are the angles in the model matrix
that correspond to the input clusters because we need to find the planes that fit
the original model. The angle between each pair of plane models (not to be con-
fused with the Model of constraints) is compared to the angle in A for the same
pair of planes. If the difference is under a threshold this pair is accepted. If one
is over the threshold, this group of planes is rejected and the algorithm starts
again. Threshold allows a deviation from the perfect fitting, which determines
the accuracy of the results respect to the real object.

The final step of the MC-RANSAC is the evaluation of inliers. The planar
models are extracted from a subset of points, so the remainder are evaluated as
either inliers or outliers, with an iterative method. For each cluster, every point
that is not used in the initial subset is successively incorporated into the inlier
subset. The plane for this new subset is then calculated and the constraints
are tested again. If the model does not comply with the restrictions, the point
is removed as an outlier. It should be noted that this step is the most time-
consuming part of the algorithm because it has to be applied to all of the data
in all of the groups. Thus, in order to reduce the temporal complexity, my
proposed method only evaluates the minimum number of data per group that
are considered sufficient to ensure the quality of the model.

The overall process is iterated several times (one hundred in my case) to
change the initial random subsets and to obtain the final models that fit more
of the input data while preserving the constraints. The more iterations, the
higher probability to find the best plane for representing the actual plane in the
object, but higher processing time is required.

In some cases, as shown in the experimental evaluations later in this study,
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the PCC clustering process might successfully satisfy the constraints in the
previous step, but different clusters do not describe different planes in the real
model. In subsection 2.3.1, Figure 2.12 shows an example of this situation.
Therefore, MC-RANSAC must detect any errors and feed back into the MME
general method to evaluate whether recalculation of the clusters is necessary.

The full algorithm is summarized briefly in Algorithm 2. From line 1 to 4,
a random seed with a neighbourhood for each cluster input cluster is selected
and added to inlier set (InitialSubset in the Algorithm), and the plane model is
estimated. Line five evaluate the constraints that represent the actual object,
so that if all planar model estimated previously fit the constraints, the set of
planes is accepted. From lines 6 to 17, if the constraints are accepted the rest of
points per cluster are successively added to the inlier group, estimate the new
planar model, and evaluate the constraints. If the new point added make the
model not fit a constraint, it is removed from the inlier set.

Data: Object_in:Cluster1..l;
Model Constraints corresponding to the Cluster1..l
Result: Model_out:Cluster1..l

1 for i := each group in Object_in do
2 InitialSubset(i) := random(Object_in(i));
3 ModelInitial(i) := estimate the model for InitialSubset(i);
4 end
5 Evaluate the constraints(ModelInitial(i=1..l), Model Constraints);
6 if Constraints OK then
7 for i := each group in Object_in do
8 for j := each data in Object_in(i) do
9 InitialSubset(i).add(Object_in(i)(j));

10 ModelInitial(i) := estimate the model for InitialSubset(i);
11 Evaluate the constraints(ModelInitial(i), Model Constraints);
12 if NOT Constraints OK then
13 InitialSubset(i).remove(Object_in(i)(j));
14 end
15 end
16 end
17 end

Algorithm 2: General MC-RANSAC algorithm. First, the plane model
is calculated for each subset. Next, the constraints defined by the corre-
sponding matrices determine whether the plane models describe the actual
model if they are all satisfied. The inliers and outliers in each group are
checked by adding each point to the accepted set and recalculating the
plane. All of the constraints are tested using this new plane and a point is
accepting as an inlier if they are all satisfied.
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2.3 Experimentation

The experiments used to validate the proposed method comprised three different
parts. First, I conducted various experiments in order to evaluate the behaviour
of PCC with three different synthetic objects and three levels of noise, evaluating
the performance of PCC with noisy points against the ground truth clustering
provided without noise. Moreover, the same three objects acquired with a Kinect
are evaluated. Second, I also evaluated MC-RANSAC with the same synthetic
objects that allows the evaluation with ground truth results. Also, the same
levels of noise are used. A comparison with the state-of-the-art CC-RANSAC
method is presented. Finally, a combined analysis of PCC and MC-RANSAC
has been performed to demonstrate the overall benefits of the MME method.

The proposed method was evaluated using synthetic and real data, i.e., a
cube, a pyramid and a double pyramid joined at the tips (Table 2.5). The
synthetic data were obtained by simulating a Microsoft Kinect sensor with the
tool Blensor [Gschwandtner et al., 2011] which is a plugin of graphic software
Blender. The different objects are generated using Blender. Blensor plugin
allows to introduce in the scene a sensor simulator, and actuate as an object in
the scene. Then, we can move the camera to obtain different points of view.
Some white Gaussian noise with different levels of dispersion was added to the
synthetic data to evaluate the ability of the algorithms to handle noise. This
noise was parametrized with the mean and the standard deviation according
to a Gaussian probability distribution, where the mean indicated the location
affected by noise and the standard deviation indicated the dispersion of the
noise. The mean value µ was zero in all of the tests and the standard deviation
σ had values of 1 · 10−5, 4 · 10−5 and 6 · 10−5. The Gaussian noise was applied
to the depth information to simulate noise in the RGB-D sensors because the
geometry of the object is here estimated, not the colour. The models represented
the maximum number of faces that could be seen from a single viewpoint, as
explained in Section 2.2.1. To evaluate all possibilities, this experiment included
eight points of view for each object.

Microsoft Kinect was used to evaluate the algorithms with real data, where
the objects were similar to those simulated with Blensor. A turntable was used
to obtain different views (see Figure 2.8). The set up is explained in detail in
the Appendix C. The set-up also included a computer to perform experiments,
where the system comprised Windows 7, an Intel i5 processor and 8 GB of
RAM. The code was implemented in Matlab vR2013b.

Table 2.5 shows the angle correspondence matrices (constraints) for the three
objects. On the left it is presented the three matrices, and on the right the ob-
jects that are represented in the matrices. For example, the cube, corresponding



64 2.3. Experimentation

Figure 2.8: Setup for the experimentation with the three different objects and
the camera.

to the first row has three planes, PA1, PA2 and PA3. The matrix presents these
three planes and the angles between them, 90o for all of them.

2.3.1 Point Cloud Clustering experimentation

First, an evaluation of PCC method (Subsection 2.2.1) is performed. This part
of the system employs the kMeans method to cluster the points initially using
information related to the 3D points and normal vectors. Initially, kMeans needs
the number of clusters, so for each object, we have to estimate the maximum
number of faces visible in a view, and add a percentage to handle noise (see
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Table 2.5: Object angle correspondence matrices for models of a cube, pyramid
and double pyramid. On the left column it appears the matrices and on the
right the objects that are represented by the matrices.

A PA1 PA2 PA3

PA1 0 90 90
PA2 90 0 90
PA3 90 90 0

PA1

PA2 PA3

A PA1 PA2

PA1 0 80
PA2 80 0

PA1

PA2

A PA1 PA2 PA3 PA4 PA5

PA1 0 135 135 45 45
PA2 135 0 60 90 120
PA3 135 60 0 120 90
PA4 45 90 120 0 60
PA5 45 120 90 60 0

PA1

PA3 PA2

PA5 PA4

Subsection 2.2.1). For this case I have experimentally estimated 40%, of being
a minimum number that allows to handle the noise in the experimentation.
For example, for a cube, the maximum number of visible faces was three, so
the number of clusters: nClust = 3 + d0.4 ∗ 3e = 5. Moreover, in Eq. 2.1,
count(PBx ≈ PAy) used a threshold with a value of 20, which was estimated
experimentally as the best using our dataset (synthetic and real data).

Figure 2.9 shows the results obtained using this part of the algorithm for
synthetic objects with different levels of Gaussian noise. The same has been
applied to the rest of view points. The noise was applied to the depth values,
so the planes perpendicular to the viewpoint were affected more significantly by
the noise. Figure 2.10 shows the results obtained for the data acquired from
the Microsoft Kinect sensor. The third object, i.e., the double pyramid joined
at their tips, lacked planes compared with the synthetic data because of the
method employed by the sensor to obtain depth information. It is, these sensors
use a speckle pattern [Khoshelham and Elberink, 2012] to calculate the depth
information. Thus, for surfaces that are parallel to the camera, it is difficult to
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obtain a good disparity and distance values. The proposed algorithm does not
require continuity in data and it can obtain the corresponding clusters. This
allows more general situations, e.g.: self-occlusions could hide certain planes
each other, and with the method it is possible to obtain the representation of
the visible clusters. Visually, the results obtained by PCC are appropriate as
they represent different patches or regions where in real object different planes
are located.

I performed several tests to quantitatively evaluate the effects of noise on
the PCC method. For each object in the synthetic and real data, the algorithm
was run five times for each view (i.e., eight views from different angles) and
noise level: five times four levels of noise, as well as with no noise for each of the
eight viewpoints. Table 2.6 shows the average number of points for each object
in the ground truth clustering in the points columns. The maximum number
of faces visible for each object is shown in the faces columns. The first row is
the average number of points for synthetic data and the second row shows the
number of real data acquired by the Kinect sensor. The objects are the cube in
the first main column, the pyramid in the second, and the double pyramid in
the third.

Table 2.6: Average number of points in each object for all views. The first row
shows the values for the synthetic data and the second row shows the values for
the Kinect data.

Data Cube Pyramid D. Pyramid
points faces points faces points faces

Synthetic 3227 3 1761 2 2286 5
Kinect 5616 3 2872 2 8033 5

2.3.1.1 Analysis of inliers

The average ratios for selected data (inliers) relative to the initial data from the
raw point cloud are presented in Table 2.7. The first four rows correspond to the
synthetic data. In general, the ratio tended to decrease as the noise increased.
In the final row with the results for the real data, there is a high ratio of inliers,
which is a very important consideration in the next step (see Section 2.2.2), i.e.,
more model estimates are possible when more data have been clustered. The
percentages presented in the table can be summarized that PCC achieves over
95% of correct clusterization of points for the ground truth and 1 · 10−5 noise.
For 4 · 10−5 PCC obtains over 72% of proper classification of points in clusters,
being the points in the cube the best clustered due to the angles between each
pair of faces is in average the largest (the double pyramid has angles of 60 and
45 degrees). For the last level of noise, 6 · 10−5, the percentage of inliers is close
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Figure 2.9: Representation of the different synthetic objects with different white
Gaussian noise. The first row presents the data without noise. From second row
to last, the sigma has varied within 1 · 10−5, 4 · 10−5 and 6 · 10−5.
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Figure 2.10: Results obtained by PCC using real data acquired by the Kinect
sensor.

to 70% for all cases. Regarding the real data, the average percentage of inliers
is over 91% for all cases.

Table 2.7: Ratio of total points in the point cloud relative to those obtained by
PCC.

σ Cube Pyramid D. Pyramid
σ = 0 0.9863 0.9711 0.9580

σ = 1 · 10−5 0.9930 1.0000 0.9660
σ = 4 · 10−5 0.9961 0.7299 0.8678
σ = 6 · 10−5 0.7235 0.7303 0.6711
Kinect 0.9964 0.9159 0.9646

In order to assess the performance of the clustering method in more detail, I
determined the number of points per face for each object in the eight views. The
ground truth clustering results is known (i.e., those obtained by the method with
no noisy data), so a comparison each of the points is done to evaluate whether
they had been clustered correctly. The results of this experiment are shown in
Tables 2.8, 2.9 and 2.10, for the cube, pyramid and double pyramid, respectively.

Different conclusions can be reached based on Tables 2.8–2.10. It was more
difficult to obtain a result when more clusters had to be fitted. For example, the
pyramid figure required a maximum of two planes, so the k number of clusters
could be four, due to the percentage that we add (in this case, 40%). However,
the double pyramid had five planes and adding this percentage required seven
clusters with kMeans. Thus, there was a lower probability of each point being
placed in the correct cluster for the second shape. Comparing the number of
points clustered depending on the level of noise presented in the tables we can
extract that for the cube the 98%, 60% and 49% of the total points are classified
respectively for the three levels of noise. For the pyramid the classification rate
is 97%, 66% and 63% respectively per level of noise. Finally, for the double
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Table 2.8: Results obtained per face (F.) for point clustering of the cube. Each
row represents a view. Each group of three columns denotes a different level
of noise. The first three columns show the number of points clustered for the
ground truth (results without noise). The other groups are for σ = 1 · 10−5,
σ = 4 · 10−5 and σ = 6 · 10−5, respectively. The two values in bold in the final
column indicate a face that was classified incorrectly in these views. This error
is explained at the end of this subsection.

Ground truth σ = 1 · 10−5 σ = 4 · 10−5 σ = 6 · 10−5

view F. 1 F. 2 F. 3 F. 1 F. 2 F. 3 F. 1 F. 2 F. 3 F. 1 F. 2 F. 3
1 2011 930 1870 932 713 800 445 864 368
2 1982 919 2024 906 589 777 487 864 372
3 1987 938 2012 947 1106 839 733 806
4 1946 926 80 1933 937 111 535 862 248 381 755 370
5 1931 940 307 1921 953 326 637 918 382 565 885 419
6 1768 900 587 1796 926 589 1099 824 592 521 862 579
7 1629 896 851 1651 920 841 596 826 834 568 819 753
8 1505 920 1018 1501 894 1024 721 810 800 719 717 676

Table 2.9: Results obtained per face for point clustering of the pyramid. Each
row represents a view. Each group of three columns denotes a different level
of noise. The first three columns show the number of points clustered for the
ground truth (results without noise). The other groups are for σ = 1 · 10−5,
σ = 4 · 10−5 and σ = 6 · 10−5, respectively.

Ground truth σ = 1 · 10−5 σ = 4 · 10−5 σ = 6 · 10−5

view Face 1 Face 2 Face 1 Face 2 Face 1 Face 2 Face 1 Face 2
1 1141 368 1157 357 543 426 521 460
2 1161 389 1171 375 539 499 539 506
3 1126 445 1137 430 556 485 440 610
4 1045 527 1049 512 558 617 523 619
5 1020 600 1020 651 578 634 493 644
6 902 735 905 735 496 728 534 665
7 803 833 806 927 535 629 580 717
8 752 880 780 950 466 725 537 609

pyramid the percentage of classified points is 94%, 66% and 51% respectively.
As an average, PCC classifies the 96%, 64% and 54% of points for σ = 1 · 10−5,
σ = 4 · 10−5 and σ = 6 · 10−5 respectively.

The constraints used to improve the classification only consider the angles
between the planes and not their positions. Therefore, when the model had
several clusters and noisy data, the possibility of finding an incorrect cluster
that satisfied a constraint in the Model increased. This was particularly notable
when the number of planes in Model exceeded those viewed from the camera in
a specific case. For example, when two sides of the cube are perceived due to
the view point, and the cube model had three faces, the noise can make PCC
return three clusters that satisfies the Model constraints, but wrongly define the
planes of the shape. This case is explained in Subsection 2.3.1.3.
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Table 2.10: Results obtained per face (F.) for point clustering of the double
pyramids. Each row represents a view. Each group of three columns denotes
a different level of noise. The first three columns show the number of points
clustered for the ground truth (results without noise). The other of groups are
for σ = 1 · 10−5, σ = 4 · 10−5 and σ = 6 · 10−5, respectively.

Ground truth σ = 1 · 10−5

view F. 1 F. 2 F. 3 F. 4 F. 5 F. 1 F. 2 F. 3 F. 4 F. 5
1 980 192 685 295 870 198 652 297
2 981 203 705 306 881 215 671 295
3 962 200 713 257 897 198 709 263
4 969 211 677 225 870 214 664 246
5 922 228 686 186 858 245 680 191
6 916 229 680 257 849 228 678 267
7 882 212 669 329 817 186 679 42 320
8 856 187 639 395 754 180 663 368

σ = 4 · 10−5 σ = 6 · 10−5

view F. 1 F. 2 F. 3 F. 4 F. 5 F. 1 F. 2 F. 3 F. 4 F. 5
1 826 226 194 300 786 259 235
2 1160 171 295 824 273 292
3 840 249 266 565 230 545
4 959 207 185 192 189 228 177
5 857 254 257 213 805 248
6 969 222 217 268 1108 273 246
7 1013 253 81 259 1315 208 253 84
8 844 199 288 737 219 299

2.3.1.2 Processing time

In terms of the processing time (Table 2.11), the performance of the algorithm
varied with respect to noise. Processing time refers in this case the time need
by the method to provide the clusters from a point cloud provided by the sensor
(either synthetic or real). In general, the time increased in proportion to the
amount of noise, but the time was highly dependent on the number of points.
This reflects the expected results due to with higher level of noise, the orientation
of clusters will be deviate from the real object plane orientation, and then the
merging and joining phases have to handle more variability. Moreover, the larger
number of data, kMeans need more time to calculate the initial clusters. If we
compare the results in this table with Table 2.6, when the shape involved more
input data the processing time was higher. For example, the synthetic cube
had 3227 points and the time was in the order of 0.3 s, whereas the pyramid
had 1761 points and the corresponding time was lower, i.e., approximately 0.1
s. Another interesting conclusion that can be obtained from this data is that
using similar data, the time tended to be greater when more planes had to be
estimated. The real pyramid had 2872 points and the synthetic double pyramid
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had 2286, but the time was greater for the latter due to the number of planes
in the model. These two main conclusions applied to the time required for the
double pyramid with the Kinect data (last column and last row of Table 2.11),
where the number of points was the highest at 8033, and so was the number of
planes, i.e., five. Therefore, this example required the longest processing time
in this experiment.

Table 2.11: Average time (s) required by the PCC algorithm with respect to the
object and noise.

σ Cube Pyramid D. Pyramid
σ = 0 0.2151s 0.0662s 0,2303s

σ = 1 · 10−5 0.3465s 0.1093s 0.2773s
σ = 4 · 10−5 0.4482s 0.1267s 0.4048s
σ = 6 · 10−5 0.3996s 0.1153s 0.4303s
Kinect 0,4531s 0,1149s 1,1034s

2.3.1.3 Discussion about clustering

In this experiment, I assumed that the angles obtained by the method were due
to the constrained step, and each cluster represent a different face of the actual
object. The clusters returned by the method had to satisfy the constraints.
However, when a amount of noise rises, the probability to obtain clusters that
do not describe different planes in the real object increases. To calculate the
orientation of each cluster, the mean value of all the normals that belonged to
the cluster are used. The normals associated with each point in the cluster
were calculated using a neighbourhood, and thus the normals varied greatly if
the noise level was high, even for close neighbours, as shown in Figure 2.11.
This figure shows the normals estimated in an ideal situation (left top), the
associated point cloud (middle top), and a large amount of noise (left down)
with the associated point cloud (middle down). The final two images show
details of the normals in both situations.

The proposed clustering method for point clouds obtained an appropriate
result in most cases. However, special situations could occur when the noise
and the view point of the object make PCC return clusters which orientation
fit the constraints, but actually do not describe different planes of the object.
This situation is illustrated in Fig. 2.12. The left image shows the clustering
results with three groups, where they are represented by pink dots oriented
vertically. The other two clusters (blue "x" and green squares) belong to the
same face but their normals are 88 degrees apart (image on the right). Thus,
given the constraints on the cube model (Table 2.5) where all the angles must
be 90 degrees, this shape satisfies the requirements. In the right image, it is
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Figure 2.11: The normals associated with the data for the cube. The first
row lacks noise and in the second, σ = 4 · 10−5. The variation in the normal
orientation of the second shape produced clustering errors.

possible to see the cluster centroids and normals. Hence, this cluster satisfies
the constraints in the same manner as the right group, although their points
actually fail to form the three faces of a cube.

2.3.2 Multi-Constraint RANSAC experimentation

In the second set of experiments, I tested the MC-RANSAC method (Section
2.2.2). In order to obtain reliable evaluations of the results, the clustered faces
used in this section were those extracted without noise, i.e., the ground truth
from the previous section. As in the PCC experiments, eight views are used for
each object and different levels of noise were added.
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Figure 2.12: Incorrect clustering due to noise, although the constraints are
satisfied. The clusters satisfy the 90 degree constraint, but the two clusters
belong to the same plane. This situation occurs when the noise is excessively
high deforming the surface greatly.

2.3.2.1 Noise-free experimentation

The first experiment without noise allowed to demonstrate the performance of
the method. Figure 2.13 shows two of the eight views for each object in different
positions. The coloured faces show the points used by MC-RANSAC to obtain
the model. The asterisks represent the centroids of planes and the vectors are
the normals.

It is possible to evaluate the MC-RANSAC results visually in Figure 2.13.
Furthermore, Table 2.12 shows quantitative values, which illustrate the results
obtained by the MC-RANSAC method. The results show the angle difference
between the orientation of the planes estimated by MC-RANSAC and the con-
straints defining the real object. For each object in the table, there are three
columns: δ is the mean difference in degrees between the angles of the esti-
mated planes and the angles in the Model (e.g., the cube has three planes, so in
Fig. 2.13, with 90-88-91 degrees between the faces, δ = ||90− 90||+ ||90− 88||+
||90− 91||/3 = (0 + 2 + 1)/3 = 1), λ is the standard deviation of δ and Planes
is the number of planes detected by the method for each view. The first eight
rows show the values for each of the eight views. The final row shows the mean
values for the angle means and standard deviations. From these data we can
conclude that MC-RANSAC estimates planes with a deviation in orientation for
all cases under 1.539 degrees, value that correspond to third view of pyramid.
In average, the angle deviation is 0.4788 degrees for the three objects and eight
views. The standard deviation is below 0.2012 degrees for all cases, with an
average of 0.0536 for the three objects and all views.
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Figure 2.13: The figure shows the result of Multiple-Constraint RANSAC with
synthetic data.

2.3.2.2 Model fitting experimentation

These values in Table 2.12 demonstrate the excellent performance of the method.
Next, the effects of different levels of Gaussian noise were evaluated based on
comparisons with the ground truth clustering results. In order to evaluate the
proposal against existing methods, I performed experiments using the proposed
MC-RANSAC method, Clustered RANSAC and the original version. Clustered
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RANSAC is based on CC-RANSAC [Gallo et al., 2011], but the continuous
regions are obtained by the ground truth in PCC are used to compare the results
using the same input data. Traditional RANSAC estimates planes iteratively
until no points are left. In many cases, this method returns planes that do not
correspond to any plane in the real object due to its dependence on the initial
random seed and the threshold used for detecting inliers. Therefore, the results
presented in this subsection correspond only to MC-RANSAC and Custered
RANSAC (hereafter C-RANSAC) because in most cases, the number of planes
obtained by the traditional RANSAC was not similar to that expected and their
orientations did not fit any plane in the Model.

In this experiment, I applied each algorithm five times with different levels
of noise and various views. The results represent the mean values of all views
based on five iterations. Table 2.13 shows the mean values of the angles between
the plane orientations and the model, which were extracted by MC-RANSAC
and C-RANSAC for each noise level (each pair of rows shows the MC-RANSAC
error and C-RANSAC error, respectively). The table shows that better results
were obtained by the proposed method in terms of both the mean and standard
deviation. The highest deviation in angle from the planes calculated using MC-
RANSAC with the Model is 1.515 degrees with a standard deviation of 0.542.
Whereas, C-RANSAC has 6.442 degrees of maximum difference in angle with
3.991 of standard deviation. The average error is 0.4292, 0.8107 and 0.9876
degrees for MC-RANSAC and 0.7070, 2.6376 and 4.7837 for C-RANSAC. Fig-
ures 2.14, 2.15 and 2.16 show the means and the standard deviations from the
tables, where the improvement obtained using MC-RANSAC compared with C-
RANSAC is obvious. These figures show that the error increased slightly with
the proposed method, which is represented by the blue line with diamonds,
compared with Clustered RANSAC (represented by the red line with squares),
for which the error increased greatly with the noise. The accuracy of the pro-
posed method decreased slightly whereas the accuracy of C-RANSAC decreased
greatly. The standard deviation is represented by the error bar for each point,
which shows that the stability of the proposed MC-RANSAC was higher than
that of C-RANSAC, thereby demonstrating that more reliable and repeatable
results were produced by MC-RANSAC.

2.3.2.3 Plane orientation evaluation

The previous experiments demonstrate how well the plane orientations satisfied
the model constraints. However, for the same sample of points, many different
combinations of planes could satisfy the constraints (as shown in Figure 2.17,
where three pair of planes satisfy the 90 degrees constraint on the points in the
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Figure 2.14: Graphical representation of the errors in Table 2.13 for the cube.
The blue diamonds denote the errors with MC-RANSAC and red square marks
the C-RANSAC. The mean error and the standard deviation are presented for
each level of noise.

cube).
Therefore, I performed further experiments to evaluate how well the planes

agreed with the ground truth plane, i.e., instead of considering the constraints,
it is addressed the difference in the angle between a plane orientation estimated
by MC-RANSAC and by C-RANSAC versus the same plane in the ground truth.

Table 2.14 shows the mean values and the standard deviations of the angles
between the planes and the corresponding angles in the ground truth for MC-
RANSAC and C-RANSAC. MC-RANSAC obtained planes that fit the Model
constraints better in five cases, corresponding to all cases in the highest level
of noise, and for the double pyramid in all cases. When the number of planes
was low (pyramid) and the noise level was also low C-RANSAC achieves better
results than MC-RANSAC, due to MC-RANSAC is more focused on providing a
good fit to the constraints instead of only fitting the points. However, when the
noise level was higher or the number of planes increased, the performance of MC-
RANSAC was better (represented by the mean δ) and more stable (represented
by the standard deviation λ). For the object with highest number of planes and
highest level of noise, double pyramid with σ = 6 ·10−5, MC-RANSAC achieved
an average difference orientation of 2.268 degrees while C-RANSAC had 4.388,
so the proposal had 0.517% error than the other compared method. The average
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Figure 2.15: Graphical representation of the errors in Table 2.13 for the pyramid.
The blue diamonds denote the errors with MC-RANSAC and red square marks
denote those with C-RANSAC

0

1

2

3

4

5

6

7

8

9

10

11

"1·10-5" "4·10-5" "6·10-5"

M
ea

n 
er

ro
r 

(d
eg

re
es

)

Noise (σ)

Double pyramid

MC-RANSAC

C-RANSAC

Figure 2.16: Graphical representation of the error in Table 2.13 for double
pyramid. The blue diamonds denote the errors with MC-RANSAC and red
square marks denote those with C-RANSAC
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Figure 2.17: Example showing three pair of planes that satisfied the constraints
of the cube model, but which were oriented in a slightly different manner.

error is 0.6745, 2.02904 and 2.7471 degrees for MC-RANSAC and 0.5283 , 2.4541
and 4.1007 for C-RANSAC. Figures 2.18 – 2.20 show the information contained
in the table in a graphical and intuitive manner. The red squares represent
the mean error for each noise level with C-RANSAC and the blue diamonds
correspond to the results using MC-RANSAC. The standard deviation is plotted
for each error value with error bars. In all cases, MC-RANSAC was more
accurate as the noise increased.

The results presented in the Tables 2.13 and 2.14 and figures 2.17, 2.18–2.20
demonstrate the superior performance of MC-RANSAC compared with state-of-
the-art methods in terms of the accuracy when estimating the planes for various
sets of points simultaneously. This improvement is very important for systems
where the alignment of the planes must be highly precise, or in fine registration
systems where accuracy is a key requirement.

2.3.3 Point Cloud Clustering and MC-RANSAC

The overall system based on PCC (Subsection 2.2.1) and MC-RANSAC (Sub-
section 2.2.2) can be used to estimate the best planes that satisfy a set of points,
while preserving a group of constraints. PCC clusters each set of points and
MC-RANSAC estimates the planar models.

The combination of both methods obtains the planar model, but it also helps
to address other issues in various situations, particularly the detection of false
positives during the PCC step. If we obtain an incorrect group of clusters due
to an error in the PCC, as shown in Figure 2.12, then c-RANSAC will produce
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Figure 2.18: Graphical representation of the errors shown in Table 2.14 for the
cube. The blue diamonds represents MC-RANSAC (first rows in each pair in
the table) and the red squares denote C-RANSAC. The mean of the error and
the associated standard deviation are presented for each noise level.

the wrong planes, whereas the constraints will not be satisfied in MC-RANSAC
during the checking step. This helps to determine whether the set of clustered
points can form the expected model.

Another interesting advantage of the proposed MME method is that it can
detect and/or reduce the effects of incorrect camera calibration in some applica-
tions. Figure 2.21 shows the effects of incorrect camera calibration. These views
correspond to the two sides of a cube from different viewpoints (they are aligned
to facilitate visualization of the problem), where it is easy to see that the angle
is not 90 degrees. This problem was caused by the incorrect calibration of the
camera. The distortion of the lens, wrong parameters to project image data to
real world coordinates, and other factors, can produce this effect depicted in the
figure. They could be detected and/or minimized using the proposed method
because the constraints require that the results are within a specific range.

2.4 Conclusions

A novel method for planar model reconstruction from three-dimensional point
clouds is presented in this chapter. More generally, a formal definition of the
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Figure 2.19: Graphical representation of the error in Table 2.14 for pyramid.
The blue diamonds represents MC-RANSAC and the red squares C-RANSAC.
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Figure 2.20: Graphical representation of the error in Table 2.14 for double
pyramid. The blue diamonds represents MC-RANSAC and the red squares
C-RANSAC.

proposed rigid registration techniques has been defined following the model
described in the proposal of the Chapter 1 (Subsection 1.5.2.1). With this
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Figure 2.21: Different views of two sides of a cube, where it is possible to
appreciate the errors in the angles of the sides caused by the incorrect calibration
of the camera.

model it has been presented a general scheme to improve rigid registration
situations taking into account the elements that contribute to the acquisition
(environment, camera and subject of interest). To improve the perception for the
acquisition, two transformation have been proposed. One to condition the scene,
ΥC , instantiated by introducing markers in the scene formed by planes (e.g.
cubes) with large difference in angles for the correspondences estimation and
registration process. The second transformation, ΥS , involves the positioning
of the object and camera in a proper location, calibration the sensor and estimate
the model of the planes to reduce the noise.

The method for estimating planes, coined as Multiplane Model Estimation
(MME). The MME method facilitates the accurate reconstruction of planar ob-
jects using prior knowledge related to the model. The MME method employs
PCC and MC-RANSAC. First, the points that belong to each face of the object
are evaluated, before estimating the planes that best fit the points and the con-
straints of the model. The PCC method uses a kMeans algorithm to estimate
the clusters and a tree search technique to refine the solutions while consider-
ing the prior constraints. The MC-RANSAC extends traditional RANSAC by
considering pre-clustered input data as well as introducing a novel step that
evaluates whether the inliers comply with the prior constraints.

I evaluated the proposed method with three different objects (cube, pyramid
and double pyramid) and different noise levels. The point clouds of the objects
were obtained using a Microsoft Kinect sensor and a Blensor camera simulator.
The PCC method obtained accurate clustering results, concretely the 96%, 64%
and 54% of points have been classified in clusters which describe different faces
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of the real model for the three levels of noise σ = 1 · 10−5, σ = 4 · 10−5 and σ =
6 · 10−5. A comparison of the performance of MC-RANSAC with the state-of-
the-art clustering version of RANSAC, showed that the results of the proposed
method performed better in most of the experiments. The constraint fitting
experiments shows that MC-RANSAC achieves a model fitting average error
of 0.7425 degrees (0.3285 degrees of standard deviation), whereas the clustered
RANSAC a 2.7094 degrees (1.7574 degrees of standard deviation). A different
test has been carried out to evaluate not the fitting of the constraints but the
error in plane orientation against the plains obtained without noise (ground
truth). The average error of MC-RANSAC is 1.8169 degrees (0.9267 standard
deviation), while clustered RANSAC obtains an averaged error of 2.3611 degrees
(0.9717 of standard deviation).

The main weakness of the MME is the processing time required for the PCC
step, which is very interesting and future research should include an analysis
based on a parallel design of the method. Moreover, experiments with different
sets of constraints could be studied in future research, such as using coloured
faces in the clustering step to improve the plane estimation. In our future
research, we also aim to evaluate the effect of the proposed method in registering
markers reconstructed using MME and mapping based on knowledge related to
the main planes in a scene (e.g., the walls and floor).





Chapter 3

Rigid registration:
MUltiplane 3D MArker

based Registration
(µ-MAR)

In this chapter, a novel rigid registration technique is presented for
3D point cloud using three dimensional markers. Following the Active
Vision Model introduced in Chapter 1 for modelling the components
involved in computer vision problems for rigid registration, and mak-
ing use of the instantiation of it in Chapter 2, here I present a rigid
registration technique to overcome the noise and low sensitivity prob-
lems. Concretely, the presented method uses the transformation focused
on the environment e of scene magnitudes adding 3D planar markers
which have been previously modelled to reduce noisy data. Therefore, I
propose a novel method, µ-MAR, able to both coarse and fine register
sets of 3D points making use of 3D markers modelled using the MME
presented in the previous chapter. Experiments have been performed
using synthetic and real data. The synthetic data allows a qualitative
and quantitative evaluation by means of visual inspection and Hausdorff
distance respectively. The real data experiments show the performance
of the proposal using data acquired by a Primesense Carmine RGB-D
sensor. The results show the proper performance of the µ-MAR to reg-
ister objects with high accuracy in presence of noisy data outperforming
the existing methods.
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3.1 Introduction

Nowadays in the computer vision area, many applications make use of 3D data to
reconstruct a geometric and colour model of a real object [Ramos, 2012, Kramer
et al., 2012, Newcombe et al., 2011, Izadi et al., 2011]. In order to obtain the
full model, it is necessary to register different views of the scene into a common
coordinate system (see Chapter 1 Section 1.3 for general registration). This
registration is a critical task for the whole process. In the concrete case of this
thesis, the objective is to propose a general methodology to represent 3D objects
in real scenarios. General purpose RGB-D sensors have been chosen (Subsection
1.4) as input of data due to they work in SC of the scene magnitudes. These kind
of cameras provide noisy data and have low sensitivity (cannot distinguish small
differences) in depth [Khoshelham and Elberink, 2012, Wilson, 2010, Smisek
et al., 2011]. For example, Microsoft Kinect depth sensor provides a 320x240
matrix of real depth data, and a depth resolution of 2mm in 1 meter but 2.5cm
at 3 meters. This resolution is accurate enough for some situations, but there
exist situations where higher accuracy is required. Many different techniques
have been proposed for 3D data registration but they do not provide results that
fit the requirements of some problems for Signal-to-Noise ratio that difficult the
estimation of correspondences. Therefore, multiples views registration is still a
challenging problem from a generic point of view.

The most common algorithms for registering multiple views from a scene
are based on Iterative Closest Point (ICP) [Rusinkiewicz and Levoy, 2001] and
RANSAC [Fischler and Bolles, 1981]. ICP iteratively registers in a fine way (re-
member categorization of fine or precise, and coarse or initial, Subsection 1.3)
two point clouds using the closest point matching to evaluate the correspon-
dences between them. Many variants have been proposed for enhancing the
results adding normal information or knowledge about other kind of constraints
(e.g. borders, colour, etc.). However, this method needs an initial transfor-
mation that coarsely aligns the views to allows the method start the process
from a position that avoids convergence in a local minima. On the other hand,
RANSAC-based methods evaluate matches (commonly estimated using 2D or
3D features) and remove wrong correspondences, which are those matches be-
tween features that do not describe the same region in the different views to
register. RANSAC is often used to extract the initial transformation for the
ICP. Those methods, despite the fact that they have demonstrate to handle
noise, only can deal with a certain Signal-to-Noise ratio.

In general, a robust way of approaching the noise problem in computer vision
is to use models calculated from data. In the literature is common to find regis-
tration of planar models (e.g. patches) in building or urban reconstruction such
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as in [Dold and Brenner, 2004, Dold and Brenner, 2006, Theiler and Schindler,
2012]. In this case, the model is calculated from a large number of points being
the Signal-to-Noise ratio very low in the whole scene. Moreover, the accuracy
required is in order of centimetres. This accuracy is far lower than the required
for reconstructing small objects where at most millimetres are required. For
other purposes, plane registration is common in robotics and augmented reality
to estimate the position of the camera in the scenario. For example, walls, floor
and roof are used to extract the plane models that define them in [Pathak et al.,
2009, Lee et al., 2012, Uematsu and Saito, 2009]. Those planes are registered
along the movement of robots to estimate robot position, but not in order to
faithfully reconstruct the scenario. In consequence, the accuracy could be a non
critical requirement. Xiao et al. [Xiao et al., 2012, Xiao et al., 2013] proposed
the alignment of planar patches for robot mapping using two initial non-parallel
pair of planes. After the translation is obtained using a third pair of planes non-
parallel to both of the initial planes, they evaluate, in each step, if the rotation
and translation are plausible using the kinematic of the robot.

The use of planes as a model of the raw data, also could be an important
solution for reconstructing from objects to entire scenes due to planes could
be found almost anywhere. In [Pathak et al., 2009, Pathak et al., 2010b], a
planar-based registration algorithm is proposed for fast 3D mapping. They use
large planes to estimate patches used in the registration process. Their match-
ing provides 100% of success for their datasets, against two variants of ICP
and Three-Dimensional Normal Distribution Transform method based on vox-
els. Moreover, the processing-time is in average under the half for estimate the
matches that the fastest of the rest evaluated methods. This algorithm was
also tested with coarse and noisy data from a sonar for underwater 3D mapping
[Pathak et al., 2010a]. Plane-based approach has also proved to be useful in the
registration of buildings under construction to provide an effective project con-
trol. In this way, [Bosché, 2012] presented a novel semi-automated plane-based
registration system for coarse registration of laser scanned 3D point clouds. A
real-time SLAM system that uses both points and planes for registration from
3D sensors can be found in [Taguchi et al., 2013]. This mixed approach enables
faster and more accurate registration than using only points. Hence, plane
registration methods are successfully used for coarse registration.

Regarding specific object reconstruction algorithms, different methods have
been developed using low-cost RGB-D sensors. Ramos [Ramos, 2012] used a
continuous rotation platform (turntable) and knows exactly the transformations
between consecutive views. In this case, their method provided registration
results that do not allow to distinguish some features of the shape that could be
necessary in certain problems. In the same way, RGBDemo software [Kramer
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et al., 2012, Burrus, 2011] used 2D colour markers (ARToolkit markers) to
make a initial coarse registration, then a traditional ICP is applied for a final
fine registration. In [Mihalyi et al., 2015] the authors also proposed the use of
this kind of 2D markers for reconstructing objects using general purpose RGB-D
sensors for robotic purposes. Other works use expensive equipments to acquire
the 3D model, such as KIT Object Model Database [Kasper et al., 2012], which
provide accurate results but cannot be proposed as general purpose devices due
to the high cost.

After the study of the state-of-the-art in rigid registration methods, we can
conclude that in order to register subjects regardless their feature size it is pos-
sible to use of 2D markers. They allow coarsely registering subjects without
any shape restriction due to the markers provide the reference for the transfor-
mation. However, these methods based on 2D markers need post-processing to
finely refine the result. Hence, new techniques should be conceived to overcome
the problem of finely registering subjects regardless the shape. Following the
proposal in Subsection 1.5.2.1 and its instantiation in Subsection 2.1, the rigid
registration can be improved by conditioning the environment (ΥC) to enlarge
the distances between each scene magnitude on the one hand. On the other
hand, calibrating the sensor to find the parameters that maximize the percep-
tion, adapting the environment and estimating the model of the new elements in
the environment improve the perception (ΥS) by reducing the distance between
working and tuning points. The conditioning is performed by introducing ob-
jects which characteristics make them distinguishable. Concretely, the objects
are 3D planar objects (e.g.: cubes, pyramids...) with large orientation variation
between the planes that represent their faces. The calibration of the camera
obtains the parameters to maximize the perception in a set of ρ close to the
working point (point in the space of scene magnitudes where we are working).
Adapting the environment could be understood as the process of placing the
camera and the subject of interest in a proper distribution in the environment
(location, view point, orientation...). This will allow to distinguish features and
provide good matches between views. Estimating the model of the markers in
ΥS is a transformation that minimizes the low sensitivity problems as these
models allow to perceive the features (angles between faces) easily, reducing
uncertainty in correspondences estimation and in alignment process. In the
previous chapter, I presented a solution accurately estimate the planes that de-
scribe the 3D planar markers. This planes are accurately estimated to avoid
noise in high measure.

Therefore, I propose a novel MUltiplane 3D MArker based Registration
method (µ-MAR) for improving the rigid registration in subject reconstructions.
It is able to finely register subjects providing an alignment that minimize the
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error between the provided data and the real object. The markers are modelled
using MME proposal presented in Chapter 2. The subject to be reconstructed
will take benefit from the marker registration transformations, as the subject
views are aligned using the transformations estimated in the registration of the
markers. This transformations are more robust than those estimated using the
raw data of the point cloud, because the noise effects and sensitivity difficult
estimate matches in Signal-to-Noise ratios where sensor cannot distinguish sub-
ject feature sizes. Additionally, I propose the use of multiple views of the same
part of the scene to increase the accuracy of the reconstructed model. Hence,
the main contributions of this chapter are the use of 3D markers to perform a
model-based registration of them avoiding the noise associated to general pur-
pose RGB-D cameras and the iteratively multi-view registration to finely match
same parts of 3D marker to increase accuracy.

The remaining chapter is divided as follows: Section 3.2 presents an overview
of the method. Section 3.3 presents the proposed registration algorithm for
planes and the final reconstruction of the object. Section 3.4 describes the
experiments and shows the results by reconstructing synthetic and real data.
Finally, section 3.5 shows the extracted conclusions and proposes future research
lines for rigid registration.

3.2 Overview of the Multiplane 3D Marker based
Registration method

In this section an overview of the µ-MAR is presented for a general explanation
of the process. Figure 3.1 shows the workflow of the data and the different parts
involved in the method.

The proposed method uses external markers to help in the registration pro-
cess. In order to reconstruct a specific subject, 3D markers are placed around it
(see Fig. 3.1). The sensor, should be places in a position that is able to see the
markers and the subject. I suggest to adapt the environment as the subject is
located in the position where the sensitivity of the sensor is maximum. Markers
have to be composed by multiple planes (e.g. cubes, pyramids) with large angle
between its faces. Multiple views are acquired from the scene by RGB-D cam-
era. The method assumes the number of views close each other that ensure the
acquisition of all parts, reducing the occlusions and improving the perception
of small features (i.e. those which sizes are close or smaller that the minimum
sensitivity of the sensor) by acquiring them several times. Each view acquired
from the scene is aligned in a common coordinate system using the proposed
MUltiplane 3D MArker based REgistration (µ-MAR) method.
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Figure 3.1: Overview of the proposed object registration method. Hyphened
rectangles represent previous steps. The core of the method is composed by
the MME method for plane models estimation of the markers, registration of
markers and, finally, object registration.

The µ-MAR method for objects is divided into tree main steps (bold box
in Figure 3.1): Multiple Model Estimation (Chapter 2); registration of marker
models; and, finally, object registration.

The second step is the core of the µ-MAR. It uses the geometric models
of the markers as input to provide a fine registration of planar models using a
iteratively multi-view technique that is presented in detail in Sect. 3.3.
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Finally, the method registers the subject of interest using the same trans-
formations (i.e. rotations and translations) calculated for the markers that are
applied to all views acquired by the camera. In other words, the subject is
transformed in the same way as the markers are done.

In order to ensure the best alignment of the planes, different aspects have
to be considered. The number of markers is a critical aspect to consider, many
of them will help the accuracy but could slow down the processing time. If few
markers are place around the object and, hence, few planes appear in the scene,
an ICP could be applied during the registration to the markers but taking into
account that: ICP should be applied in each loop of the multi-view process (see
Section 3.3) after the registration of planes (normals alignment and centroids
approximation), and is highly recommended to use a worst match rejection
variation of ICP to ensure that matches are consistent. Moreover, the markers
should be placed in the way that at least three non-coplanar planes appear in
the scene. Otherwise, due to the planes are infinite (I do not use a region of
the plane but the model itself), with two planes there are infinite positions that
align them that correspond to those along the line that intersect them, then it
is necessary three non-coplanar to ensure a unique alignment.

3.3 Registration of marker models

Planar models previously estimated are used to register the whole marker (it is
not necessary to use the technique explained in Chapter 2 since the registration
method only needs planes whatever the source is), however the geometrical
model estimated with MME has demonstrated results that fit the problem in
presence of noise, and then provide to this part of the process (the registration
based on markers) the planar models that will allow proper alignments. With
planes that best fit the 3D data as well as the model of the physical marker,
better registration will be achieved.

In this chapter, the method is applied to register various markers simultane-
ously that are in the scene. Different issues must be considered, consequence of
registering several markers: different amount of points and Signal-to-Noise ratio
of markers depending on the distance to the camera, occlusions could appear
between the object included in the scene (makers and subjects to reconstruct),
etcetera.

All markers are used together to obtain a full scene registration. The pro-
posed method is based on a multi-view registration technique. It was initially
proposed by Pulli in [Pulli, 1999]. The main idea is to register iteratively a set
of views, each one on the rest, changing the registered view iteratively. The ad-
vantage is that the noise or cumulative error in the registration are minimized
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as the target of registration is not a single view but a group of them. The
multi-view technique can be applied using the whole set of views or a subset of
them. Imagine a group of views (V1..n) to be registered, select one that is going
to be registered, Data (D = Vi), and use the rest of views (M = V1..n6=i) as a
target Model. M can be used as it is, a concatenation of views, or as a model
that represents the views. For instance, the model could be the mean values
of the views, a B-spline curve, a voxelization of the views, a kernel in which a
probability density function is estimated from the views, among others. The
choice depends on the problem (processing time, number of views, etc.), the
initial distribution of the view (e.g. if the views are not pre-aligned the use of
a probability density function as kernel could provide a target data that does
not correspond to the real shape of the object), etc. Once the M is obtained,
the registration process is applied to estimate the transformation to align D to
M . Iteratively D changes in the different views of V until all of them have been
registered. This process could be applied iteratively until convergence.

Figure 3.2 shows an example of a multi-view process. Fig. 3.2a, represents
a set of views of a square side. Initially D = V1 and M = mean(V2..4), shown
in Fig. 3.2b and 3.2c images. After registering the Data with Model the result
is as the plotted in the Figure 3.2d. Once V1 has been registered, D is assigned
to V2 and M = mean(V1,3,4), and continue until all views are registered.

V1
V2

V3

V4

(a)

M

(b)
D

M

(c)

D

M

(d)

Figure 3.2: General scheme of a multi-view registration process. Set of views
(V ) (3.2a). Model (M ) represented by a hyphened red line (3.2b). Data (D)
plotted in a blue dotted line (3.2c). Registration result of D into M ((3.2d).
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As it is said before, multi-view registration could be applied to either the
whole set of views or only a subset of them. In the case of this work, a sub-
set is used because I do not expect a previous pre-alignment, then if all views
would be used, the mean target model M would not describe a correct set of
planes of the real marker to register the data D. Therefore, the general process
takes iteratively subsets of n consecutive views and applies a multi-view regis-
tration composed by three main steps: estimation of model correspondences in
the different views (Section 3.3.1); rotation and translation estimation (Section
3.3.2); and complete scene adjustment (Section 3.3.3). A complete scheme of
the proposed registration is shown in Figure 3.3.

With this strategy, the set of n views is iteratively registered using the plane
models (normals and centroids) belonging to different markers from one view as
set to be registered, D, and the mean of the corresponding plane models of the
remaining views in the subset as a static target, M . This process is repeated
until all views in the subset are registered to the remaining views. Moreover,
it is possible to repeat the whole subset registration until convergence or a set
of iterations have been performed. This influence in the registration accuracy
as for more iterations the error in the alignment will be reduced, although the
processing time will be increased. Finished the registration of a subset, a new
subset is selected including in the set the subsequent view and extracting the
first one. This is done until the method finishes to register all captured views.
In the example of the Figure 3.3 the size n is four, then the first corresponds
to the views V1..4. Once the multi-view is finished, the subset changes to be
V2..5, and so on until the subset Vn−3..n. In order to keep the previous and post
registrations, a propagation of the calculated transformations is performed. This
propagation refers to apply the transformation to the views not in the subset
currently registered. The transformation of the first view of the subset is applied
to all previous views (in the Figure 3.3, pre-propagation τ4). Similarly, a post-
propagation (Figure 3.3, post-propagation τ7) is applied to all views after the
subset using the last view in the subset. This is done for all subsets, with the
exceptions of the first and last, where they do not have pre-propagation and
post-propagation respectively.

In case that before starting the registration process the views are far apart
each other, it is not close enough to estimate a target M that describe a set of
planes representing the real marker, an initial pairwise registration of the views
in the subset could be applied. The reason is because M is calculated as the
mean of centroids and normals of a set of views, and for data far deviated the
mean results are not descriptive. Figure 3.4 depicts this problem. In the figure
of the left there appear five views representing a cube shape viewed from the top
(the angles between the sides are 90o), the pink is the Data and the rest (blue,
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Figure 3.3: General scheme of registration process. The view V4..7 are registered
in order to find τ4..7 that aligns all views together. The registration is composed
by correspondence estimation of the planes, D and M selection, rotation (R)
and translation (t) which are expressed as τ estimation and scene adjustment.
τ4 is pre-propagated (in red) and τ7 post-propagated (in green) in order to
maintain the coherence of the previous and posterior views out of the subset.

green, gray and red) the target Model. The thick green circles and lines denote
the Model centroids and normals estimated as the mean of the views. On the
right it is easy to appreciate that the green Model does not represent a cube
model (the hyphened line shows the shape that would describe these centroids
and normals).

3.3.1 Correspondence estimation

Correspondence estimation is a key step in every registration method. ICP uses
the closest point, featured-based techniques estimate the most similar descriptor
values (e.g. SIFT, SURF, SHOT) between data set. I use the similarity between
plane models in the different views. In order to do this, only 3D information
is used, avoiding any other feature that restricts the use of any marker as, for
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Figure 3.4: Error produced in the Model estimation because the views are not
close enough.

example, colour or texture. However, these other features could be used to ro-
bustly estimate correspondences if they are available. Various techniques can be
applied to estimate correspondences between the subsets of planes (Fig. 3.6a),
including similar location, orientation, colour of the faces in the real object.
In this case, I propose the use of similarity between normal orientations and
centroid positions (Fig. 3.6b). This is possible because the initial assumption of
using large number of views close enough to allow cover the whole subject avoid-
ing occlusions, gives the views with a distance between them that the orientation
and location is distinguishable uniquely. In case of having large distances be-
tween views that cannot ensure a correct estimation of correspondences, other
features should be used as colour or numeration of the planes. To evaluate
the similarity a k-nearest neighbours technique is used with both centroids and
normals.

When the point of view changes, some parts of objects (planes in this case)
appear or disappear. Within the n views in the subset of the multi-view this
problem happens, so a robust correspondence technique is used to handle it. I
propose to use a structure composed by n columns (one per view) and as many
rows as total number of planes appear in the subset. This structure is created
dynamically while the correspondences are estimated. The process calculates
the similarity in pairs from V1 ⇔ V2 to Vn−1 ⇔ Vn. For example, imagine
a situation in which one marker is registered (Figure 3.5). In the example of
Figure 3.5, five views are in the subset of the multi-view. In the first view, three
planes are visible, then we have three rows. After, in the second view, one of the
sides disappear because of the new point of view (in the figure the chessboard
side), hence in the second column one row will be empty. The algorithm knows
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that a plane has disappeared because there is no matching with any plane in the
other view, it is, there is no plane in the other view with similar orientation and
centroid within a certain distance. The similarity in orientation and distance are
evaluated experimentally to fit the problem regarding average distance between
views. The example continues with only two planes for the second, third and
forth view. Finally, in the fifth a new plane appears (in Figure 3.5 the strips
plane), then a new row is added and all columns but the fifth will be empty in
this row. Eventually, the structure will be like appears in Table 3.1.

In order to provide a more robust solution, the correspondences are also
evaluated using the immediate previous and two previous views. Then, the
correspondences between the view that has more planes in common are chosen.
With this, it is possible to avoid situations where planes disappear for one view
because an exceptional problem (e.g. an unexpected brightness, or a surface
which is almost parallel to the point of view of the camera that is difficult to
acquire and sometimes appears and disappears).

Table 3.1: Example of structure of correspondences. The table shows five view
correspondences where each column is a view and row is a plane. Ci,j means
Centroid and Ni,j Normal of the plane j seen from the view i.

V1 V2 V3 V4 V5
P1 < C1,1, N1,1 > < C2,1, N2,1 > < C3,1, N3,1 > < C4,1, N4,1 > < C5,1, N5,1 >
P2 < C1,2, N1,2 > < C2,2, N2,2 > < C3,2, N3,2 > < C4,2, N4,2 > < C5,2, N5,2 >
P3 < C1,3, N1,3 > Empty Empty Empty Empty
P4 Empty Empty Empty Empty < C5,3, N5,3 >

Once the correspondences are known, the subset of n views is divided into
two groups of plane models (centroids and normals): Data, which is the set of
models corresponding to a single view, and target Model, which is the plane
model defined as the mean value of centroids and normals of the corresponding
planes of the rest of views. Referring to Figure 3.6c and Figure 3.6d, Data, D
is the first view in thin pink and Model, M is the mean value of the rest of view
in the subset, the thick green.

3.3.2 Rotation and translation estimation

The second step finds the best rotation and translation to align the Data to
the Model. The method estimates the rotation as the angle in each axis nec-
essary to align D and M . A well-know method to estimate transformations
is Singular Value Decomposition([Besl and McKay, 1992] [Muller et al., 2004]).
SVD factorizes a matrix (transformation matrix) into a scaling and two rota-
tion matrices. Therefore, using the data from the two views, it is possible to
recover a transformation matrix that aligns one into the other. For the concrete
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P1

P3

V1 V2
V3

V4

V5

P4

P2

Figure 3.5: Image representing the different views of a cube. This is a graphical
representation of the situation shown in Table 3.1. Pay attention to the sides
that appear and disappear.

case of the method proposed here, I only make use of SVD to estimate rota-
tion, not scaling, as I am focus on rigid registration. In order to do this, the
two rotations are combined to estimate the final rotation matrix. As it is not
possible to ensure the relative position of centroids of each plane in D and M
(the problem is explained better in the next paragraph), only normals are used
for this purpose. The unit vector normals are used in the SVD to calculate the
rotation, in the way that their three components were points in 3D space. This
is represented in Figure 3.6e such as if the normals were located in the origin
of coordinates. With this points SVD is able to estimate the rotation between
the two set of points, which are actually the normal component. After, both
normals and centroids of Data are rotated (Figure 3.6f).

The centroids are used to find the translation that minimizes the distance
between each pair of Model-Data planes. Centroid positions are relative to the
points obtained from the sensor, their locations could not correspond to the
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same absolute location of the same plane in two different views. For example,
when a plane is appearing in the view point of the sensor only a part could be
acquired. Hence, the centroid would be calculated just for this part, while in a
different view point the same plane could be completely seen, and the centroid
will be located in the center of the whole face. Then, the same face in the real
object is represented by two centroids depending on the points provided by the
sensor. Hence, it is not reliable to use the raw centroids as data to estimate the
translation. Therefore, I propose to automatically extract the projection of the
Data centroids on the Model planes as target data, as shown in Figure 3.6g with
blue dots. Thereby, the translation is computed as the mean value of distances
between each Data centroid and its projection for each axis (see Figure 3.6g
black arrow). Finally, Figure 3.6h represents the translation result and hence
the final registration for the markers.

Both rotation matrix and translation vector conform a transformation ma-
trix (one for each view as all views are registered in the multi-view) which
minimizes the distance between the Data and the Model. After the registration
of a single iteration of the multi-view, an error still remains in the alignment.
This error is calculated in two dimensions (Eq. 3.3). One, the sum of the angles
between each normal of the planes in D and the correspondents in M , these
last represented as the normal of all views (nl<1..n>6=iexcepttheData). Due to
in multi-view each view is considered as Data once, this error is averaged for all
views. Eq. 3.1 shows the rotation error, where the average of all planes normals
(nl) orientation are compared to the mean (µ(nl)) of the rest in the subset.
Second, the sum of distances between each centroid and the projection of them
in the M (similar to the error in normals, the average distance error is calcu-
lated for the whole subset). Eq. 3.2 presents the translation error, comparing
each centroid (cn) with the mean value (µ(cn)) of the rest in the subset. Then,
the registration method iterates until the error converges. That means, once an
iteration of the multi-view finishes the views might not be finely aligned, being
the error higher than a threshold. Then, it is necessary to iterate until the error
of the whole subset decreases under a threshold.

errorrot =
∑n
i=1
∑np
k=1 angle(nli,k, µ(nl<1..n>6=i,k))

n
(3.1)

errortrans =
∑n
i=1
∑np
k=1 dist(cni,k, µ(cn<1..n>6=i,k))

n
(3.2)

,np the number of planes, nli,k is the normal of the view i and plane k (the Data
normal) and cni,k is the centroid of the view i and plane k (the Data centroid).
The function µ represents the mean value (the M) used for the registration.



102 3.3. Registration of marker models

Finally, angle calculates the angle and dist is the Euclidean distance.

error = [errorrot; errortrans] (3.3)

A summary of the whole registration method is described in Algorithm 3.
For each subset of "n" views, first the data is selected (i), the correspondences
are estimated, the rotation is obtained using the normals nData y nModel,
after the translation is calculated with the centroids cData and cModel. And
finally, an adjustment is accomplished.

Data: V iews
Result: TransformedV iews

1 for Each set of "n" views do
2 while Not convergence or cont < total loops do
3 for i = 1 until n do
4 corr = CalculateCorrespondences(set);
5 nData = views.normals[set(i)];
6 cData = views.centroid[set(i)];
7 nModel = median(views.normals[set(1..n <> i)]);
8 cModel = median(views.centroids[set(1..n <> i)]);
9 R = getRotation(nData,nModel);

10 Apply(R,[nData cData]);
11 T = getTranslation(cData,cModel);
12 Apply([R T],views[set(i)];
13 FullSceneAdjustment
14 end
15 end
16 end

Algorithm 3: Registration algorithm of µ-MAR method

3.3.3 Model adjustment

The multi-view variant in this work uses a subset of views instead of whole of
them. This is due to I do not assume a pre-alignment and then, it is not pos-
sible to estimate a model which reliably describes the target objects (makers
in this case) to align the views with. Therefore, during the process of regis-
tration, various subset are aligned together using the multi-view technique and
the previously explained planar-based registration method. In different subsets,
the one plane can be visible, then disappear, and reappear some views later.
Making use of the example in Figure 3.5, plane P3 is visible in view V1, then
disappear and probably appear again in later view, such as V30 (for example).
Then, despite the plane is the same in the two views (V1 and V30) it is not
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(b) Correspondences

(c) D = V1 in pink and M = V2..5 (d) D = V1 in thin pink and M =
V2..5 in thick green

(e) Rotation estimation using nor-
mals

(f) Alignment

(g) Projections estimation (h) Translation

Figure 3.6: Correspondences and transformation estimation in registration
workflow for markers

aligned because the registration is only performed in the subset of the multi-
view. In order to handle this problem, I propose to have a general structure
of the whole scene (see Table 3.2), which dynamically inserts the new planes
that have not been previously registered (i.e. they have not been previously in
a multi-view subset). With this, not only a plane that was visible before can be
readjusted later, but also the cumulative error produced during the registration



104 3.3. Registration of marker models

of the different subsets could be minimized.
This general structure stores the model (normal and centroid) of each plane

in the scene. This structure is organized per planes instead of per views (each
row has the same plane model for all views where it appears), but it also has
the number of view in which this plane was visible. It is assumed that the views
are sequentially registered (the subset selection for the multi-view is done in
order). Hence, after a multi-view subset is registered, the first view is aligned
with all posterior views in this particular subset, are extracted from the subset
to introduce a new one. Considering this assumption, I add to the general
structure the planes of the first view in the subset because it is not going to
be registered any more. While the structure is been filled, it is necessary to
find the correspondences between the planes in the view to insert and those
already stored in the structure. To find the correspondence, the same principle
of the multi-view registration is used (i.e. normals and centroids are used with
a k-nearest neighbour technique to find the similarity). As all views are aligned,
the correspondences are easily detected. If a new plane appears, it is, one that
has no correspondences in the structure, a new row is added. Table 3.2 shows
and example of this general structure. Each column represents a plane in the
scene. Hence, all plane models from different views that corresponds to each
plane are stored there. For example plane P3 (see Figure 3.5) is in V1 but then
disappears and is not visible until view V10. As this structure is incrementally
filled, the third column would be only with one value until the tenth view is
already registered, and then added as to the general structure.

Table 3.2: General structure of planes for the Model adjustment. Each column
represents a plane with all normals (Ca), centroids (Cb, and view (Vc). As it is
possible to appreciate, the plane P3 is present in view V1 and then until view
V10 it is not visible.

P1 P2 P3 P4 P5
< C1, N1, V1 > < C2, N2, V1 > < C3, N3, V1 > < C3, N3, V5 > < C3, N3, V8 >
< C1, N1, V2 > < C2, N2, V2 > < C3, N3, V10 > < C3, N3, V6 > < C3, N3, V9 >
< C1, N1, V3 > < C2, N2, V3 > < C3, N3, V11 > < C3, N3, V7 > < C3, N3, V10 >
< C1, N1, V4 > < C2, N2, V4 > < C3, N3, V12 > < C2, N2, V8 > < C3, N3, V11 >

· · · · · · · · · · · · · · ·

The purpose of this structure is to refine the registration, then before adding
planes of the new view to this structure, a registration of the whole subset is
performed to this general group of planes (i.e. D is the mean of all views in the
multi-view subset, and M is the mean of all planes in the structure). In order
to do this, a model of the subset is extracted as it is done in the registration
part (mean of centroids and normals). Then, this subset model is used as Data
D, and the mean value of all view for each plane in the general structure is used
as Model M . Then a registration process is applied as explained before.
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3.4 Experimentation

The proposed method µ-MAR has been tested in two different situations to
validate its performance: firstly, theoretical aspects (i.e. to comprobe whether
the methodology works properly) using synthetic data; secondly, in real envi-
ronment with objects acquired by a RGB-D sensor.

In order to evaluate the methodology proposed for µ-MAR, a simulation of
a turntable has been carried out (Section 3.4.1). The scenario was modelled
using a plug-in of the graphics software Blender, called Blensor [Gschwandtner
et al., 2011], which simulates different sensors, included a Microsoft Kinect. In
the scene, four cubes as markers and the target object are placed in front of
the sensor and a 360 degrees turn is performed with 60 captures (6 degrees
between frames). A representation of the scene is shown in Figure 3.8 with
four markers and a double pyramid at the center. The set-up also included a
computer to perform experiments, where the system comprised Windows 7, an
Intel i5 processor and 8 GB of RAM. The code was implemented in Matlab
vR2013b.

For real data experiments (Section 3.4.2), four different objects were ac-
quired by a Primesense Carmine RGB-D camera. This experimentation uses
a real turntable and a scenario where the objects are acquired in a controlled
environment (Appendix C). The 3D markers and target objects are placed in
a similar position than in the synthetic set up (see Figure 3.7). The set up is
detailed in Appendix C. In this case, the 360 degrees turn is performed with
64 captures (5.625 degrees between frames). The turntable set up is configured
with an stepper electrical motor that allows different number of steps per com-
plete 360 degrees rotation. The closest to 60 steps is 64, difference that does not
affect the result due to the method is not constrained by the steps performed.
In the evaluation, the same objects are registered with state-of-the-art methods
to compare visually the results.

3.4.1 Synthetic data

As I said before, the synthetic set up has been created using the Blender graphic
software that allows to generate noise free objects. To simulate the RGB-D
sensor, the Blensor [Gschwandtner et al., 2011] plug-in was used. Since the
original scene is known, it is going to be used as ground truth. Figure 3.8 shows
one of the scenes create in Blender with four cube markers and a double pyramid
as target object. In this experiments, four cubes are used as markers for all the
scenes. Three different shapes are used as target objects (see Figure 3.9) to be
reconstructed: a cube, a pyramid, and a double pyramid. Due to the geometry
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Figure 3.7: Real turntable set up for the real data experimentation. The markers
are white cubes around the target object (a Taz toy).

of each used object is different in number of planes, it allows us to evaluate how
it affects the result of the compared method. Gaussian noise has been added to
the points of the model, with zero mean and sigma 0, 4 · 10−6 and 6 · 10−6. The
chosen levels of noise allow to evaluate in different conditions of Signal-to-Noise
ratio.

Figure 3.8: Scene representative of the set up. The markers are cubes around
the target object (a double pyramid)

The proposed algorithm could be evaluated qualitatively by visual inspection
Figures 3.10, 3.11, 3.12 and quantitatively by the Hausdorff distance (Table 3.3).
Hausdorff distance refers to the maximum distance between each point in a set
and the closest in the other set [Rote, 1991]. The distance can be estimated
with any metric (e.g. L2 distance, Euclidean distance,...), being the Euclidean
for this case. As we have the original model, it is possible to apply this distance
between each registration result against the original shape. It is necessary to be
aware that all results have been finely aligned to the model in order to provide
a faithful measurement. Moreover, a comparison with the well-know ICP has
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been also done [Rusinkiewicz and Levoy, 2001]. It is one of the most used regis-
tration methods for fine registration. Several variants of this method have been
presented in the literature. For this comparison, the ICP implementation uses
point-to-plane distances, worst matches rejection and boundaries information
as a variant conceived to deal with noisy data.

PA1

PA2 PA3
PA1

PA2
PA1

PA3 PA2

PA5 PA4

Figure 3.9: Object models created in Blender a target objects. A cube, pyramid,
and double pyramid.

Figures 3.10, 3.11 and 3.12 show the registration result of the µ-MAR pro-
posed method (column A) and the ICP variant (column B) for different levels
of noise. From the top to bottom, the levels of Gaussian noise are zero mean
and sigma (σ) equal to 0 (noise-free), 4 · 10−6 and 6 · 10−6. Additionally, they
include the Hausdorff distances for the proposed method (column C) and for
the ICP (column D). The colours represent distance where blues are the lowest
distances and reds the largest.

The cube registration is shown in Figure 3.10. ICP clearly has wrong results.
Wrong results refers here a registration that provides a shape that does not rep-
resent the real object, also understood in registration problems as misalignment,
due to the alignment of the different views provide a global point cloud that
does not fit the shape of the object. This wrong results occur because when
only two planes are registered (frontal and top), the registration tends to slide
to the side. However, the µ-MAR method properly registers the cubes for the
different levels of noise. Figure 3.11 presents the pyramid registration, with a
similar problem than before. The pyramid only has two visible sides, that is the
reason for the wrong registration in ICP whereas the proposed method provides
a high accurate registration. Lastly, Figure 3.12 shows an interesting result.
Due to the number of planes is higher, hence the geometry is more detailed, the
registration of ICP works similar to the proposed method.

Table 3.3 contains the Hausdorff distance of the registration results (corre-
sponding to the C and D columns in the Figures 3.10, 3.11 and 3.12). As the
Hausdorff distance represents the maximum of the closest points, here I present
the values Min and Max corresponding to the minimum and maximum of the
closest points (this last represents the definition of Hausdorff distance) for each
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A B C D

Figure 3.10: Cube results. Column A shows the proposed method and C the
the Hausdorff distance for it. B shows the ICP and D the Hausdorff distance.
The rows have 0, 4 · 10−6, and 6 · 10−6 levels of noise (σ).

registration result with the ground truth model. These values are dependant on
outliers, then other values that I used to study the performance are the Mean

and the Root Mean Square error (RMS), that represent the mean and the RMS
of the closest points between sets. They are global measures instead of noise de-
pendant ones. The values marked in bold represent the best in for each method
and object. As Table 3.3 shows, the proposed method achieves the best results
for all situations. Taking into account the Max measure, the highest distance
in µ-MAR is 0.16 times the highest in ICP. Moreover, the smallest in ICP is 2.9
while in the propose method is 0.49. Regarding the Mean and RMS, the µ-
MAR outperforms the ICP for all test, being the maximum difference the cube
without noise (Mean = 0.14/18.31 = 0.0076) and the minimum for the
double pyramid with 4 · 10−6 sigma of noise (Mean = 0.60/0.77 = 0.77).
The average error is in Mean 0.6556 distance for µ-MAR and 6.1515 for ICP .
In the case of RMS the proposed method achieves 0.8958 error in average and
8.1154 for ICP , concluding that µ-MAR is close to 10 times better in average
than ICP.

The experiments presented in this section show that the µ-MAR is able to
properly register the different views of the scene to provide a whole set of point
that define the subject of interest (i.e. the one we want to analyse), for different
levels of noise. The evaluation has also been done with an ICP variant conceived
to deal with noise (point-to-plane, boundaries information and worst matching
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A B C D

Figure 3.11: Pyramid results. Column A shows the proposed method and C the
the Hausdorff distance for it. B shows the ICP and D the Hausdorff distance.
The rows have 0, 4 · 10−6, and 6 · 10−6 levels of noise (σ).

rejection). The results visually and quantitatively show that the proposal of
registration using models, produce better performance than the ICP, for the
different levels of noise. A lack of geometry produces ICP to fail, whereas the
proposed method still remains stable. However, even the double pyramid which
has a very varied geometry, ICP cannot achieve the accuracy of the µ-MAR. This
effect is visually represented in a extreme situation in Figure 3.13. I evaluated
the double pyramid with a higher level of noise. The ICP could not achieve a
good alignment with sigma equal to 4 · 10−5 (note that before it was 4 · 10−6).
The proposed method outperforms the ICP for this case.

3.4.2 Real data

In order to evaluate the µ-MAR in real situations, a comparison six between
different methods has been carried out: ICP, RANSAC-based method, a combi-
nation of ICP + RANSAC-based, RGBDemo, KinectFusion, and the proposed
µ-MAR method. ICP is highly dependant on the geometry of the object as it
uses only the points in the space to register. RANSAC-based uses visual fea-
tures (SIFT in this case) to establish correspondences and then estimate the
best alignment between them. I have chosen SIFT as it is a widely used feature
in registration, because it has demonstrate to return good matches in a wide
range of problems. RGBDemo [Kramer et al., 2012] is a registration method
for RGB-D sensors that uses ARToolkit markers for a coarse registration and
then ICP for finely align the views. KinectFusion [Izadi et al., 2011, Newcombe
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A B C D

Figure 3.12: Double pyramid results. Column A shows the proposed method
and C the the Hausdorff distance for it. B shows the ICP and D the Hausdorff
distance. The rows have 0, 4 · 10−6, and 6 · 10−6 levels of noise (σ).

Figure 3.13: Double pyramid result for σ = 4 · 10−6. In this situation the ICP
(right column) cannot return a proper result while the propose method (left
side) still has a good performance.
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Table 3.3: Hausdorff distances for both methods. The values of Min and Max
represent the minimum and maximum distance found between model and reg-
istration result. The Mean and RMS shows a better performance in µ-MAR
compared to ICP. The values in bold represent the best.

Method Object Noise(σ) Min Max Mean RMS
0 0 0.5912 0.1496 0.2210

Cube 4 · 10−6 0 8.2982 0.7372 1.0040
6 · 10−6 0 11.1011 1.1635 1.5896

0 0.14179 0.4980 0.3214 0.3290
µ-MAR Pyramid 4 · 10−6 0 9.3453 0.7026 1.0153

6 · 10−6 0 7.1646 1.1254 1.5314
0 0 2.9296 0.2480 0.3435

DoublePyramid 4 · 10−6 0 9.1900 0.6014 0.8427
6 · 10−6 0 9.9254 0.8513 1.1854

0 0 68.1055 18.3129 25.7950
Cube 4 · 10−6 0 31.1023 7.0463 10.3379

6 · 10−6 0.00003 34.0622 7.8185 11.0435
0 0.02808 20.5320 14.4189 15.2855

ICP Pyramid 4 · 10−6 0.00003 8.1125 2.3703 3.2943
6 · 10−6 0.00008 9.3999 3.2738 4.4372

0 0 2.9196 0.3329 0.3876
DoublePyramid 4 · 10−6 0 9.8798 0.7739 1.0644

6 · 10−6 0 9.9841 1.0157 1.3933

et al., 2011] uses a ICP variant to estimate the transformation.

Four different objects has been used for this comparison (Figure 3.14). Their
choice has been done to evaluate the methods with objects with different features
(texture, geometry, size), and help to evaluate the specific characteristics of the
methods. The first one, Figure 3.14a, is a Taz toy being the largest object with
variety of colours. The second object (Figure 3.14b) is a wooden cube almost
without texture. In the third, Figure 3.14c, a tool is presented. It is 30cm long
with different thickness. The last object is a Bomb toy shown in Figure 3.14d.
It has different colours, thin parts such as the white one on the top, the body
part with smooth curve and the back part with a key attached. This dataset
was created because of there are no public datasets which include the markers
necessary for my proposal.

They have been acquired using a Primesense Carmine on the turntable.
Due to the ICP assumes a pre-alignment, or a small difference between views (a
percentage of overlapping that allows not to fall in a local minima), 320 views
were acquired of each element around them (about 1.13 degrees per step). As
explained before, the set up is composed by a stepper motor which provides
different number of steps per complete circle, and the smallest is 320 steps.
Also, the camera is about a meter far from the target object, and placed with
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an angle of approximately 30o to ensure to be able to view the markers of the
RGBDemo.

(a) (b)

(c) (d)

Figure 3.14: Objects used for real data experiments. Taz toy (a), Cube (b),
Tool (c) and Bomb toy (d).

Figures 3.15 to 3.20 show the result of the different registration algorithms.
For this context, as I do not have ground truth, the evaluation is performed
by visual inspection. In it, a proper or good registration is the one that has
aligned the views in the way that the final shape is visually similar in shape,
continuity (no holes where in the object no holes appear), and that the details
able to be distinguished by the sensitivity of the sensor are distinguishable in the
registered point sets. The quality of the registration will depend on the feature
used to find correspondences between views in the kernel of each method. For
instance, closest points (geometry) in ICP, KinectFusion and ICP+RANSAC.
RGBDemo also depends on this feature but in the refinement step. Colour in
RANSAC, as it uses SIFT descriptor to evaluate the correspondences.
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Figure 3.15 has the RANSAC-based registration results. From this, it is
concluded that Taz has been well registered in the front part due to the texture,
but the cumulative error produces a wrong final registration. The rest of the
objects have less texture being harder to find matches. Hence an inaccurate
registration is resulted. Figure 3.16 presents the ICP results. The results are
better than in using RANSAC. However, in the Cube it is possible to appreciate
how when two planes are visible the registration drifts to a wrong result. In
Figures 3.17, a combination of RANSAC-based as pre-alignment and ICP for
fine registration is shown. The results are dependant on both error produced in
RANSAC and ICP.

Figure 3.18 presents KinectFusion registration. This method only uses ge-
ometry (i.e. ICP for registration, and smoothing techniques). Moreover, due
to its initial purpose was not object reconstruction but scene reconstruction,
they internally use Truncated Signed Distance Function, and also smoothing
techniques. Then, it tends to return smooth surfaces, and remove or minimize
small details. The next method presented in Figures 3.19 is RGBDemo. This
method has been initially developed for RGB-D cameras and uses markers for
coarse registration. The results are better than in previous presented methods.
However in the Tool and the Bomb, a down-sampling is used. In it, a sampling
to reduce the number of points is applied, commonly by choosing the points that
follow a restriction (best average position, mean of a neighbourhood). This is
performed to provide the best possible data (the one which minimum noise) to
ICP final refinement, and then many details are removed.

The last set of images, Figure 3.20, shows the registration results of the µ-
MAR. The objects are accurately registered, outperforming the previous meth-
ods. Moreover, as no down-sampling is applied, all the points are registered.
This is easily appreciated in the Tool (bottom left) compared to RGBDemo
(Figures 3.19) in the same object. The Bomb is also more complete having the
feet of the toy. Since the Bomb is a specular object, it is necessary more data
because of many points cannot be well extracted during the acquisition. Due
to my method preserve all data points as it uses the external markers for the
fine registration, a more dense point cloud is returned. The advantage of this,
is that having all data allows a posterior down-sampling instead of an on-line
reduction that is not possible to recover.
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Figure 3.15: Objects registration result of RANSAC with SIFT features.

3.5 Conclusions

In this chapter, a novel MUltiplane 3D MArker based Registration method (µ-
MAR) is proposed. The µ-MAR method follows the proposal of Active Vision
Model for rigid registration introduced in Subsection 1.5.2.1 and instantiated
in Subsection 2.1. It is able to transform a set of views in a common coordi-
nate system minimizing the effects of noise (very common in data from RGB-D
cameras). µ-MAR method uses a multi-view registration variant for subsets of
views using planar models as 3D markers. Planes are a geometric model pre-
sented almost in any scenario. The planes are simultaneously registered using
the normals for the rotation estimation, and the centroids for the translation
finding. The method is able to register the views without any previous coarse
registration, providing a fine and high accurate alignment.

Experimental results show the performance of µ-MAR to register objects
in presence of noise. The synthetic data experiments validate the proposed
methodology to provide an accurate alignment of a set of views. An objec-
tive evaluation using the Hausdorff distance shows high registration accuracy
of the proposed method. Concretely, the Hausdorff distance error in average
is in Mean (using mean distances to calculate the Hausdorff distance) 0.6556
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Figure 3.16: Objects registration results of ICP.

Figure 3.17: Objects registration results of RANSAC and ICP.

for µ-MAR and 6.1515 for ICP . In the case of RMS (using RMS to calculate
the Hausdorff distance), the proposed method achieves an error of 0.8958 in
average and 8.1154 for ICP , concluding that µ-MAR is close to 10 times better
in average than ICP. The real data experimentation validates the proposal in
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Figure 3.18: Objects registration results of KinectFusion.

Figure 3.19: Objects registration results of RGBDemo.

real situations using a general purpose RGB-D sensor data. The method is com-
pared to state-of-the-art methods including ICP, RANSAC-based, KinectFusion
and RGBDemo. The visual inspection evaluation shows how the(µ-MAR) out-
performs the rest of the tested methods.
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Figure 3.20: Objects registration results of µ-MAR.

The two main contributions of this chapter are:

• The use of 3D markers to perform a model-based registration of them
avoiding the noise associated to general purpose cameras.

• The iteratively variant of the multi-view registration using subsets to finely
match same regions of the marker to increase accuracy. Since the method
uses the same transformations to register the whole scene, the objects
could be reconstructed with high accuracy.

As future works, now I am working in extend the proposal for general scenes
where any object composed by planes could be present in the scene. Moreover,
a evaluation of the effects of mixing different shapes (e.g.: pyramids, cubes,...)
as 3D markers is going to be carried out. It is very plausible that the the use of
a double pyramid could be the suitable marker to reconstruct the object from
different view points, not only around the object but also upper and lower,
improving the self-occlusions recovery.





Chapter 4

Non-rigid registration:
Colour Coherent Point

Drift

The thesis studies 3D subjects and their deformations. This chapter
aims the deformation analysis, by estimating the non-rigid transforma-
tion between two stages or moments of the deformation process using
non-rigid registration techniques. Despite the efforts done in this topic,
non-rigid registration still remains a challenging problem. In this chap-
ter, it is presented a novel framework for non-rigid registration of mul-
tiple spaces. Combination of colour and 3D location as specific spaces
are analysed in depth based on the Coherent Point Drift (CPD). The
framework is specifically instantiated in the evaluation of correspon-
dences taking into account colour and 3D location, to specify a novel
method of non-rigid registration called as Colour CPD (CCPD). In order
to improve the data used by the method, it is proposed to use sampled
data with different features to provide different point densities to im-
prove the perception. Moreover, with the sampling the number of data
is reduced which reduce the processing time. Hence, a comparative of
five different sampling techniques is done to reduce the number of input
data. The experimentation is performed for synthetic and real data.
The synthetic includes easy shapes to evaluate the different situations
of noise, outliers and missing data. Moreover, an evaluation of realistic
shapes obtained using Blensor is carried out. Real data acquired using
a general purpose Primesense Carmine is done to validate the CCPD
for real shapes. For all tests, the method is compared to the original
CPD showing better results in registration accuracy in most cases.
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4.1 Introduction

Several applications in computer vision need to evaluate the deformations of
subjects. The concrete case of this thesis studies the representation of 3D shapes
and their deformations in real and adverse scenarios by registration techniques.
The deformation are concretely analysed with non-rigid registration methods
that estimate the transformation between views aligning the data using non-
rigid transformations. There exist various kind of deformations: isometrics,
where both topology and distances are preserved; elastic deformation, where
the topology is kept but distances can vary; and free deformations where both
topology and distances can change. Regarding the used data, I focus on the
direct output of the acquisition system without any pre-process, it is the points
provided by the sensor. For the specific case of this thesis, the data comes
from a general purpose RGB-D sensor. As it has been previously explained, the
sensitivity of these sensors may be lower that the requirements of the problem,
and may difficult some tasks. This, has to be dealt in the specification of the
method.

4.1.1 Non-rigid registration context

The general model to provide solutions for vision systems in real and adverse
situations, presented in the introductory Chapter 1, models the system using a
function of scene magnitudes F (ρ). Each component ρ of the magnitudes can
be, at the same time, modelled by three inputs: subject of interest o, camera
c and environment e. Whereas in the rigid registration the subject does not
change, in non-rigid it changes in any of the µ components that compound it
over time. Additionally, the camera c and the environment e can also change.
For this specific case, I am going to focus on subject changes, due to it is the
aim of the representation (the deformations of the subject). Hence, the goal
is to find the deformable transformation Ψ (Eq. 1.17)that aligns two datasets
(location, colour, orientation...) extracted from a set of images F (ρ) from a scene
in which the subject parameters µ change over time. Following the proposal in
Subsections 1.5 and 1.5.2.2, here an instantiation for non-rigid registration, using
general purpose RGB-D data with multiple inputs, is presented.

Initially, a conditioning of the system ΥC is proposed to improve the percep-
tion. This conditioning is not coming from environment e modifications, such
as in rigid registration, because changes at the scene come from deformations of
the subject o over time and it would be difficult to ensure the same conditions
over time. Then, as proposed in Subsection 1.5.2.2, a different approach is used
to enhance the perception by changing the curve of calibration of the sensor and
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hence, the sensitivity. In order to do this, I propose to use the transformation
ΥC (Eq. 1.16) of the sensor c by adding new inputs (γn+1, γn+2, ...) (i.e. adding
more spaces to be considered at the input as colour, shape, etc.) to the camera
(γ1, γ2, ..., γn). The matching step of the registration process Ψ can be improved
by this transformation.

The new magnitudes ρ(γ1,...,γn+1,...) are in the set A (Eq. 1.14) but it is
not a subset of P due to magnitudes ρk have not been selected from P . The
magnitudes in P have been concretized, being A a set of magnitudes whose
inputs (here, the camera) have higher dimensionality than those pertaining to
P . In general, the use of fewer details allows the abstraction in developing
techniques. However, when more information is available it is possible to specify
the problem providing better knowledge of the case and hence, ending in a
more accurate result. In the case concerned here, the use of additional spaces
commonly improves the perception due to it is easier to find differences in scene
features. For example, two 2D planes are difficult to be properly registered
as infinite alignments can be found, however if we add the colour space to the
registration, the variations in this space can provide more information to discern
the position (i.e. to distinguish ρ).

camera  
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Figure 4.1: Example of acquisition of two cubes of orange colour by a camera.

Figure 4.1 and 4.2 are going to be used to graphically explain the proposal
ΥC , showing the meaning of adding new inputs to the camera. Figure 4.1
represents an example of acquisition of two cubes (o1 and o2) of orange colour
(µc1 = µc2). The cubes are positioned to a distance εd1 and εd2 from the
camera. Additionally, the orientation between the normals of the visible faces
of the cubes (µs) and the view point of the camera (εv) is 0o. The hyphened
black area represents the the field of view of the sensor.

Figure 4.2 shows an example of measuring the mentioned cubes. Figure 4.2-
A shows the calibration curve to perceive the colour of the cubes using a camera
c1 that is able to perceive just colour information. Simplifying the problem, I can
assume that the scene magnitudes ρc1

1 and ρc1
2 are composed by the magnitudes

µc and µs for the subjects of interest, for the colour and shape respectively,
and by the magnitudes εv and εd for the environment, for the viewpoint and
distance respectively. In consequence, for this example the corresponding scene
magnitudes ρc1

1 = ρ(o1, e, c1) and ρc1
2 = ρ(o2, e, c1) of both cubes cannot be
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distinguishable in F (ρc1). Hence, ρ(o1, e, c1) 6∈ Ωρ(o2,e,c1). The colour image
I1 (Fig. 4.2-C) is completely orange due to the only input information is the
colour of the perceived cubes.

Figure 4.2-B shows the calibration curve of a new camera c2 adding new
inputs γi to the camera c1 by a transformation ΥC (F (ρc2) = ΥC(F (ρc1))) able
to perceive also depth information from the scene. In this case, ρc2

1 = ρ(o1, e, c2)
and ρc2

2 = ρ(o2, e, c2) corresponding to the scene magnitudes of both cubes
are distinguishable in F (ρc2): ρ(o1, e, c2) ∈ Ωρ(o2,e,c2). The added input γi to
the new camera c2 in order to perceive also the depth information allows to
distinguish the cubes. The image I2 (Fig. 4.2-D) contains, besides the orange
colour image, the depth image of two distinguishable areas (green, the closest
to camera, and red, the farthest to the camera). The additional information
facilitates the evaluation of correspondences wsm between datasets to calculate
the registration transformation Ψ.

ρc

F(ρc )1

1

1
ρc1

2
ρc ρc

F(ρc )2

2 2

1 2

A) B)

I1=F(ρc )
1 I2 =F(ρc )2

C) D)

Figure 4.2: Outline of the calibration curve of two cameras to perceive two cubes.
The calibration curve of a camera c1 perceiving colour (A) could not distinguish
ρc1

1 and ρc1
2 , being an image I1 (C) of orange colour. However, the calibration

curve of a camera c2 perceiving colour and depth (B) could distinguish ρc1
1 and

ρc2
2 , being a image I2 (D) in which the depth information clearly identify both

cubes.

Although working in the set A 6⊂ P facilitates the perception of the scene,
the conditioning carried out by ΥC could not be enough, necessary to perceive
accurately visual features (they allow the evaluation of correspondences wsm
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Figure 4.3: Example of transformation UpsilonS able to select points of an
image from a face. Uniform point selection represented in the calibration curve
(A) and in the image domain (C). Representative points to study deformations
on a face (B and D).

between datasets to calculate the registration transformation Ψ) due to the
the accuracy required by the application. Then, minimization of the distance
between the tuning point (point in the space of scene magnitudes with optimum
sensing) and the working point (point in the space of scene magnitudes where
we are sensing) is proposed modelling the transformation ΥS in Eq. 1.19 in
order to work in scene magnitudes of A that are distinguishable belonging to
SA6⊂P (Eq. 1.22). The proposal includes the transformation of the environment
eo in a new one en by calibrating the environment close to the point of scene
magnitudes in which the camera has maximum sensitivity. It includes that the
object has to be positioned in a proper location respect to the sensor (distance,
view point, etc) and the lighting conditions has to facilitate the perception.

Moreover, the camera co is transformed into a new camera cn by calibrating
the γ parameters of c and by selecting a subset of points of the image F (ρ). As
the proposed transformation ΥS for rigid registration, here also is necessary a
calibration of the γ parameters to enhance the sensitivity of the system for a
specific ρ. The calibration performed in the new camera with the ΥC applied. It
includes the calibration of the intrinsic parameters of the camera which are very
important for the accuracy of the acquired data (see Appendix B). The aim of
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selecting a subset of points of the image F (ρ) is to maximize the perception of
the parts that represent the changes to be analysed (Region-of-Interest). This
could be conceived by sampling the point sets of F (ρ) using specific features
in order to have the necessary density of points in the regions required to the
problem. For example, normal-based sampling will reduce the number of points,
keeping, with higher density of points, those parts with more variation in shape.
Nevertheless, if we are interesting in reducing the amount of data to increase
the processing time, a homogeneous sampling can be used.

Figure 4.3, shows an example of the last stage of the trasformation ΥS . Fig-
ures 4.3-A and 4.3-C show the selected points ΥS1(F (ρ)) for a bilinear sampling
of the image and the calibration curve (taking into account colour information)
for a face. As this face has been uniformly sampled, the selected points could
not represent properly the deformations to be studied. Descriptive parts as
eyebrows and lips have a few quantity of points respect to the whole face (in or-
ange). However, Figures 4.3-B and 4.3-D show the selected points ΥS2(F (ρ)) for
a sampling that maximize the number of points in descriptive regions that can
facilitate the correspondences for registering deformations at the face. Hence,
ΥS will include the camera calibration, environment adaptation, and the sam-
pling method. In this way, the output of the camera is composed by a subset of
points of the scene.

4.1.2 Related works

The deformations studied in this thesis are not constrained. That is, it is not
assumed a prior restriction in the deformation as topology/size constraints,
larger/smaller displacements, etc. Then, the objective is to develop a non-rigid
registration method which is focused on free deformations. Furthermore, regard-
ing the data used, a raw data provided by the sensor without any processing is
going to be used. This data is commonly images or set of points in 3D space, be-
ing the 3D point cloud the proposed input to the non-rigid registration method
developed in this thesis.

During the last years, the increase on the interest in non-rigid registration
has led many researches to improve existing algorithms or specify new methods,
but this is still a challenging problem to be solved. Tam et al. [Tam et al.,
2013] surveyed different methods for point cloud and mesh registration, in both
rigid and non-rigid situations. This interest comes from the need to improve
reconstruction, mapping or other computer vision problems, where non static
objects are treated.

Chui and Rangarajan [Chui and Rangarajan, 2000, Chui and Rangarajan,
2003] proposed the TPS-RPM non-rigid registration method for 3D point clouds
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based on Thin Plate Splines to stabilize the displacement of the points during
the process of registration. This method uses softassign matches between each
point set [Rangarajan et al., 1997]. Softassign refers to the use of non-binary cor-
respondences to handle noise and outliers because there is no imposing of finding
a unique matching per point. Deterministic annealing [Ueda and Nakano, 1998]
is also used in the kernel of TPS-RPM to gradually allow a less constrained
movement of the individual points. They compare to the results obtained by
ICP for 2D point sets producing better results for different situations. 3D
evaluation is also performed to analyse the behaviour of the method in more
realistic problems, obtaining visual improvement of the proposal against three
other methods: compared to voxel-based matching, that maximizes the mutual
information between the two volumes, and with RPM using both global and
piecewise affine transformations.

Yang revisited a TPS-RPM in [Yang, 2011] demonstrating the limited per-
formance when outliers are present in both point sets simultaneously. The
probability of outliers affects the target point set in the transformation cal-
culation. He proposed a double-sided outlier handling approach to overcome
this limitation by including, in the transformation estimation step, the influ-
ence of outliers in the moving point set, as well as adding intensity information
to improve the results. He compared to the original version obtaining better
registration results. However, in this paper 3D data was not evaluated.

Li et al. [Li et al., 2008] presented a non-rigid registration method that
simultaneously estimated confidence weights, that measure the reliability of each
correspondence, and identify non-overlapping areas. A warping field brings the
source scan into alignment with the target geometry.

One of the most common algorithms used for non-rigid registration is the
Coherent Point Drift (CPD) proposed by Myronenko et al. in [Myronenko and
Song, 2010, Myronenko et al., 2007]. This method is based on a Gaussian
Mixture Model (GMM) and Expectation Maximization (EM) to calculate the
correspondences, and then the transformations, of the points to map one set of
points into another. They used a GMM to represent the moving point set to
be registered, and EM to evaluate the new parameters of the GMM and hence,
the new position of the points. Moreover, in order to constrain the movement,
they make use of Coherent Motion Theory that helps the translation of points
to be regular. They compared their results to the TPS-RPM outperforming the
registration for 2D and 3D cases. Wang et al. [Wang et al., 2011] proposed
an extended version of CPD to automatically evaluate the outlier percentage
parameter, which is manually provided in the original version. They used a
combination of Nelder-Mead simplex and genetic algorithms. The genetic al-
gorithm provides good initial values for this parameter, while the Nelder-Mead
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simplex optimizer attempts to find an optimal solution. The experimentation
shows an improvement of the original version for different levels of noise, where
they initialized the outlier parameter to 0.7.

A different approach called GMMreg was presented by Jian et al. in [Jian
and Vemuri, 2005, Jian and Vemuri, 2010]. Instead of representing a point set
with a GMM and registering it to a point cloud using the EM technique, they
align two GMMs each representing one of the point sets to be registered. They
calculate the displacement between Mixtures of Gaussians and iteratively align
them using the L2 distance. They provided rigid and non-rigid results for 2D
and 3D data compared to the original CPD, LM-ICP [Fitzgibbon, 2003], and
TPS-RPM among others, resulting in more accurate results. Additionally, they
compared their results, applying their framework of using the L2 distance, to
TPS and to Gaussian radial basis functions, GRBF (used by CPD), to evaluate
the behaviour of this proposal against the original version with large amount of
noise or outliers.

Sang et al. [Sang et al., 2013] proposed the FDMM non-rigid registration
method based on GMM and the use of features, that they called Gaussian soft
shape context, based on radial distribution of neighbourhood. This feature was
initially presented in [Belongie et al., 2000, Belongie et al., 2002], and they
modified it adding a Gaussian distribution for avoiding the problem of non-
real similarities. It takes into account the relative distribution of all points
respect to the analysed point, making a histogram, which adds information to
the registration process. Comparison is provided using 2D data to CPD, RPM
and BEM [Sang et al., 2012], outperforming the previous results. Yawen et al.
[Yawen et al., 2014] proposed also the use of this feature enhancement with CPD
to handle noise and outliers. The results show how the proposal achieves similar
or better alignment than the original CPD for 2D and 3D data for different levels
of noise and number of outliers.

Gerogiannis et al. [Gerogiannis et al., 2012] proposed a different matching
method using the Hungarian Algorithm instead of the posterior distribution
used in CPD and RPM. Moreover, they used Bayesian regression for the Max-
imization step (i.e. the registration or transformation part). The experiments
compared the proposed method with CPD, RPM and GMMreg for 2D and 3D
cases.

Gao et al. studied in [Gao et al., 2013] the main drawbacks in CPD re-
lated to the outliers, which are the way CPD keeps the distribution of outliers,
and the input parameter for the outlier ratio. They proposed an Expectation-
Maximization solution to iteratively evaluate the outlier ratio. TPS-RPM and
the original CPD algorithms show less accurate results when the outlier ratio
grows. The main advantage of [Gao et al., 2013] is to avoid the need to indicate
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the outlier ratio initially, which means to evaluate the data and the consequences
of a higher or lower value.

Wang and Fei [Wang et al., 2013] proposed B-spline-based point matching
(BPM), an extension of RPM, using a deterministic annealing scheme to regu-
larize the registration process. The method was evaluated in different situations
with accurate results in 2D and 3D data. Yang et al. proposed in [Yang et al.,
2014] the GLMD, a two step non-rigid registration method for point sets. They
proposed the use of local and global distances combined to estimate the binary
correspondences, and transformation using the TPS kernel. The local distances
are measured using a certain neighbourhood, which is provided initially. Exper-
iments were provided using the proposed method against CPD, TPS-RPM and
GMMreg for different levels of noise, outliers and rotations.

Ge et al. [Ge et al., 2014] presented a similar approach to the previous one,
called Global-Local Topology Preservation (GLTP). The main motivation of
this work is to handle non-rigid articulated deformations such as those of human
movements. They added the principle of Local Linear Embedding to the original
CPD to take into account local deformation coherence, apart from the global
coherence intrinsic in the CPD algorithm. In large articulated deformations
GLTP works better than the original CPD, which is not able to find a good
registration.

De Sousa and Kropatsch [de Sousa and Kropatsch, 2014] proposed a variant
of Coherent Point Drift (CPD) by integrating centrality information, a concept
initially applied in social networks. It creates a graph (e.g. Delaunay triangu-
lation), and applies different centralities (node degree, betweenness, eigenvec-
tor. . . ) to evaluate which one results in a better solution, being closeness the
best one. The proposal shows good performance with noisy data, improving the
original CPD.

Another variation of CPD was presented by Zhou et al. [Zhou et al., 2014]
using Student’s mixture model, which they claim to be more robust in the
presence of high amounts of noise. The comparison they made against CPD
and TPS-RPM shows better performance when the noise rate grows. Moreover,
they automatically estimated the probability of outliers whereas in CPD it is
manually indicated.

Recently Chen et al. [Chen et al., 2015] proposed the Coherent Spatial
Mapping (CSM) algorithm. They used the shape context [Belongie et al., 2000]
which describe the shape using an histogram of each point relative position to
the others, and calculate correspondences with this information. The Hungarian
method is also used to estimate the initial correspondences. The transformation
is iteratively estimated with EM method using a spatial mapping function of
the correct matches, and TPS to provide smooth deformations. They compare
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CSM to CS [Belongie et al., 2002], CPD, COA-RPM [Lian and Zhang, 2012] and
TPS-RPM focusing in 2D data. The CSM obtains better alignment achieving
the lowest RMS error in the distance between target and registered data, in
different conditions of noise and outliers. A 3D test was shown against CPD,
achieving lower registration error by their method. The improvement is mainly
related to the matching step, due to the data use is not initially aligned or high
percentage of outliers appear.

In conclusion, many studies have been done for non-rigid registration of point
sets. Most of them focused their attention in outliers and noise handling. In
order to do this, they proposed techniques to estimate automatically the outlier
ratio or used descriptors which uses point distributions to improve the matching.
However, there still exist problems when large deformations want to be studied
to find matches. Another issue not studied is the situation where the data do
not have to move coherently it the whole space. For example, situations of point
set registration in which one point set could have more points than the other
and the real alignment should not expand one to cover the other. This is, when
one set is a full model and the other is just a region, situation which needs extra
information than the point location to allow the perception of the regionality
of one set. Moreover, there are no general proposals facing the problem from a
generic perspective including multiple data information.

Following the Active Vision Model for non-rigid registration introduced in
Subsection 1.5.2.2 and instantiated in the previous Subsection 4.1.1, here I pro-
pose a novel framework for point cloud non-rigid registration solutions for mul-
tiple spaces registration, combining various inputs in both the correspondence
estimation step and in the registration displacement step. To handle real and
adverse situations, the method has to deal with noise, outliers and missing data,
common in data. The framework makes use of the basis proposed in CPD algo-
rithm, because it has shown good results in point set non-rigid registration in
presence of noise and outliers.

4.2 Multiple space non-rigid registration

In this section, I present a framework for non-rigidly registering multiple spaces
based on CPD [Myronenko and Song, 2010, Myronenko et al., 2007]. This frame-
work pursue the generalization of the CPD algorithm for registering multiple
spaces making use of all possible input information. As a specific instantiation,
all combinations of point distribution and colour information are in detail de-
scribed in Subsections 4.2.1. The case of registering location using both colour
and location information in the correspondence estimation step is then instan-
tiated and coined as Colour CPD (CCPD), presented in Subsection 4.2.2 and
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evaluated in Subsection 4.3.
CPD only uses spatial 3D information to non-rigidly register two point sets

using Gaussian Mixture Models with the Expectation-Maximization technique.
This provides soft assigning correspondences, i.e. they are not binary, allowing
a more robust estimation of the displacement by not restricting the one-to-
one matching. Moreover, in order to constrain the movement of the points,
CPD implements, in the core of the method, the Coherent Motion Theory that
regularizes the motion of the points in the process of the transformation. Here,
I present a generalization of multiple spaces non-rigid registration.

Let X and Y (Eq. 4.1) two tuples with M and N data respectively and J
spaces or data inputs (e.g.: location, orientation, colour, topology...). In order
to follow the nomenclature of the original CPD, here we call Data (D) and
target Model (M) used in Chapter 1 for registration formulation as Y and X
respectively. It is assumed that all spaces define the same data set (i.e. each
data set has the same number of elements per each space). Thus, all of them
have the same size:

YJ×M = {(y1,1, · · · , y1,M ); (y2,1, · · · , y2,M ); · · · ; (yJ,1, · · · , yJ,M )}|yJ ∈ RDj

XJ×N = {(x1,1, · · · , x1,N ); (x2,1, · · · , x2,N ); · · · ; (xJ,1, · · · , xJ,N )}|xJ ∈ RDj
(4.1)

where Yj|j=1..J is to be aligned with the reference tuples Xj|j=1..J . J represents
the elements or spaces of the data (e.g.: space position, colour, topography, ori-
entation, etc.). Regarding the dimensionality, each space has its own dimension
Dj because we can have D = 3 in location which means 3D information, but
only D = 1 in colour, if we use one component of colour. Yj is a set of centroids
of the distribution for all components of the Gaussian Mixture Model (GMM)
(m = 1..M) described in Eq. 4.2. Each gaussian is modelled with Eq. 4.3, all
with equal isotropic covariance σ2

j .

p(x)j =
M∑
m=1

p(x|m)j
M

(4.2)

p(x|m)j = 1
(2πσ2

j )(D/2) exp
−‖

xj−yj,m‖2

2σ2
j (4.3)

The objective of the registration is to find the parameters of the transforma-
tion τ that makes Yj best fit Xj . Hence, parameters of the GMM (θj) should
be found for maximize the likelihood, or equivalently, minimize the negative
log-likelihood. Notice that there are same f functions as spaces want to be
registered (J):
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fj(θj , σ2
j ) = −

∑
N

log
∑
M

p(x|m)j
M

+ λj
2 Φ(θj) | ∀j ∈ J (4.4)

Φ(θj) is the regularization term, which uses Coherence Motion Theory to smooth
the transformation, and λj is a trade-off parameter which allows to balance the
displacement of the data and the smoothness term, where the higher λ, the
smoother displacement. Following the original CPD, θj is re-parametrized with
a displacement function vj .

In order to obtain the proper parameters of τ(Yj , vj) = Yj + v(Yj)j , EM
technique is used. The Expectation step finds the parameters by computing a
posterior probability Pj based on the Bayes’ theorem, presented in Equation 4.5.
The resulting probability is used in Maximization step to estimate the param-
eters θj that minimize the negative log-likelihood. In the Expectation part of
the process, the probability can be estimated using a combination of the differ-
ent spaces (e.g.: to calculate the posterior probability in the registration of the
3D points space, we can use the location, orientation and topography). Then,
the probability, and hence the correspondences, will be more robustly calculated
due to this combination provides more information. The combination of the dif-
ferent probabilities can be done using union, intersection or any other function
which fits the problem. Equation 4.5 presents the posterior probability calcu-
lation of the space j combining all space probabilities with a generic function
⊗. Given the data sets X and Y in Eq. 4.1, we may need to align all spaces
J or a subset of them. In order to estimate the probability of each point in Xj

for one space j ∈ J , belongs to each gaussian of Mj (that represents Y ), the
posterior probability is used. To estimate the posterior probability, the different
spaces are used with weights to define the effects of one space in the decision.
Therefore, Eq. 4.5 defines the posterior probability for the space j, where the
numerator has the combination of the probabilities of each data xn for a gaus-
sian probability m, normalized with the combination of the probabilities of the
data xn for all M gaussians.

P (m|xn)j =
P
w1
1 ⊗Pw2

2 ⊗···⊗PwJ
J

(
∑M

k=1
Pm|1)w1⊗(

∑M

k=1
Pm|2)w2⊗···⊗(

∑M

k=1
Pm|J )wJ+oj=1..J

(4.5)

where wj, being j = 1..J |
∑J
j wj = 1. The weights are established depending on

the effect of each space in the probability, where higher weight represents higher
effect. The oj component represents the outliers. The outliers are modelled
using another gaussian distribution, modifying the Eq. 4.2 into Eq. 4.6.
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p(x)j = w
1
N

+ (1− w)
M∑
m=1

p(x|m)j
M

(4.6)

To establish the weight of the outlier distribution, a weighting parameter is
used for each space to allow a more flexible kernel. Originally, CPD uses the
number of points in each set to define the probability of each one to belong
to the GMM or to the outlier distribution (with a 1

N probability), in the way
o = (2πσ2)D/2 wM

(1−w)N .
Generalizing the combination of different spaces for non-rigid registration

provides a large number of possibilities which can fit a wide range of problems.
In the next Subsection 4.2.1, I concretely develop the case of colour and location
information.

4.2.1 Colour and Location information registration

The main contribution of this chapter is the framework development for regis-
tering multiple spaces. Moreover, a specific contribution is the study of the case
of using colour and space location, to analyse the subject changes due to the
suffered deformation. Hence, I instantiate the previous general model with two
elements J = 2, space location and colour.

Table 4.1 shows the possible combinations in calculating the f (Eq. 4.4)
function and the P (Eq. 4.5) posterior probability using colour and location. I
present a possible application of each combination depending on the registered
space (calculating the parameters of the corresponding f) and the spaces used
for the probability P . The column problem of Table 4.1 shows the possible
problems where the corresponding combination can be used. Considering the
two spaces for f and P , sixteen combinations are found. However, some are
rejected as they have no value for the two in f and/or in P , resulting in 9
possibilities. The symbol

√
represents the use of this value, and ∅ that this value

is not used. The seventh combination, framed in bold lines, represent the Colour
CPD, where both colour and location probabilities are used for correspondence
calculation, and just for location registration. It is detailed in Subsection 4.2.2.

Following the Table 4.1, here it is described each combination in terms of
the problem that could solve and a case in which it could be applied. The first
three combinations use only PL, location information, to calculate the corre-
spondences for all f combinations. The fourth, fifth and sixth use PC , colour
information, in the correspondences estimation for each f . The last three use
both colour and location information, PL and PC , combined for correspondences
for each f .

The first case is the original CPD, as it only registers location using the
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Table 4.1: Combinations of colour and space location for non-rigid registration.

PL PC −→ f(θL, σ2
L) f(θC , σ2

C) problem
1.

√
∅ −→

√
∅ CPD

2.
√

∅ −→ ∅
√ Align two point sets in

colour using location
information.

3.
√

∅ −→
√ √ Align two point sets in

both location space and
colour, using the location.

4. ∅
√

−→
√

∅
Align two point sets in
location using colour
information.

5. ∅
√

−→ ∅
√ Align two point sets in

colour spaces using
location information.

6. ∅
√

−→
√ √ Align two point sets in

both location space and
colour, using colour.

7.
√ √

−→
√

∅ CCPD (proposed method
in subsection 4.2.2).

8.
√ √

−→ ∅
√ Align two point sets in

colour spaces taking into
account the location.

9.
√ √

−→
√ √ Align two point sets

reducing the effect of
light conditions.

location information. The problems associated to this combination are focused
on determining the change on a shape, for example two face expression. The
second registers the colour information taking into account the location infor-
mation. This could be applied in problems where the colour of a subject needs
to be used in a different subject (e.g.: translate the colour of one face in the
shape of another face). The third combination aligns two subjects in location
and colour using the location information. This is actually a combination of the
previous two cases, since it moves points in location and adapts the colour. A
real situation could be morphing problems, where one face shape is registered
into another as well as the colour (e.g. estimate the change of one face into an-
other). The fourth combination registers two point sets in location using colour
information. In this case, the points of Y will be placed in the regions of X with
similar colour. Moreover, as the colour is the only space used in the posterior
probability, the points will be placed in the center of the region to which they
correspond. This could help in clustering problems to evaluate the points that
belong to a colour of another subject. The fifth combination uses colour infor-
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mation to calculate the correspondences and transform the colour, so this could
be applied in problems where environmental conditions change. For example,
in lighting differences between captures have to be suppressed (bright, shades,
etc.). The sixth row of Table 4.1 registers in colour and location using only the
colour information. Here, similarly to the fourth combination, the position of
the points in Y are placed in the regions of X with similar colour, but also here
the colour is modified acquiring the average intensity of the region to which
belongs. Clustering problems could fit this combination where also the average
colour of the clusters wants to be obtained. The seventh row is the combination
where the point location space is registered using colour and location spaces.
This is the proposed CCPD of this chapter explained in detail in Subsection
4.2.2. This combination registers two subjects but more robustly than the orig-
inal CPD (combination 1). The eighth combination registers the colour space
of two point sets using both colour and location information. This is similar to
the fifth, but since the location is also used in the correspondences, the outlier
effects in colour can be minimized. The last combination, ninth row of Table
4.1, registers both colour and location spaces using both colour and location
data. Here the subject in Y is aligned to the subject X and also the colour
is modified. The correspondences will try to find similarities in both spaces
which will constraint the movement and the colour adaptation. This could fit
problems such as morphing, similarly to the third combination, but robustly
estimating correspondences as the colour is also taken into account.

4.2.2 Colour Coherent Point Drift (CCPD)

After analysing possible combinations of colour and location information for
non-rigid registration, here I explain in detail the seventh combination of Table
4.1, coined as Colour CPD (CCPD). This combination fits problems that appear
in many applications where non-rigid registration could be applied, due to the
shape is usually the feature of the subject to analyse. Moreover, due to the
shape and colour information are the most common input data provided by
3D systems, the use of them together will provide more information to estimate
more robust correspondences. In it, the colour is included in the correspondence
calculation to make it more robust, improving the result in the points alignment.
Then, in the posterior probability, a combination of both elements is taken
into account P (m|xn)1 and P (m|xn)2. To simplify the notation, the posterior
probability of location will be PL and the colour will be PC . Regarding the
input data, Y1×M for the location will be renamed as YL and X1×M as XL.

Colour information could seen as higher dimensionality of the input data (i.e.
3D data points plus RGB would be a 6D input data). This links strongly the
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colour and the space location, which could end in wrong results as both spaces
are different in values and distributions. Regarding the distribution, both spaces
are different, which is not possible to handle using a single GMM distribution
(i.e. they would have different covariance matrices). Therefore, I propose the
use of a different GMM distribution, combining them, to treat the colour and
the shape independently. At the beginning of this section, it was introduced
the different functions to combine the probabilities (e.g.: traditional union and
intersection). Furthermore, any other generic one ⊗ could be used, for example
the use of a function that inverts the effect of one probability to the other. In
CCPD, the intersection function is used due to both values need to be taken
into account simultaneously, weighting the probabilities with wl and wc (Eq.
4.9) to balance the effect of each in the final result.

CCPD adds to the original algorithm another GMM with the colour infor-
mation, which is defined as a set of mean values corresponding to the colour of
each point, Y2×M , which will be named as YC . Similarly, XC corresponds to the
colour of each point in the set of points XL (X2×M in the general formulation).
Then, the posterior probability PC , Eq. 4.7, is calculated in a similar way as
in the E-step of the CPD but using XC and YC (PL is modelled as Eq. 4.7
using XL and YL). The probability of each Xc is the probability of the colour
to belong to each the gaussian probability of the colour GMM YC divided by
the normalized of the probability to all mixture.

PC(m|xC,n) = exp
−
‖xC,n−yC,m‖

2

2σ2
C∑M

k=1 exp
−
‖xC,n−yC,k‖2

2σ2 + oC

(4.7)

oC models the noise using a gaussian distribution of the colour. Eq. 4.8 shows
the outlier distribution where the probability of one point to be an outlier is
described with the sum of the probability of this colour in the gaussian mixture
normalized by the total number of gaussian distributions M , i.e. one colour is
more probable to be an outlier if the sum of probabilities of this colour in the
gaussian is low:

oC = M

σot
√

2π
· exp

−

∥∥∥∥∑M

m
PC(m|xL,n)
M

∥∥∥∥2

2σ2
ot (4.8)

Given both probabilities, the final posterior probability is the weighted in-
tersection of PC and PL. The weights, moreover, allow tuning the core and fit
different problems. The final posterior probability is presented in the Eq. 4.9:
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P(m|xL,n) =
(PL(m|xL,n))wl ∗ (PC(m|xC,n))wc

(
∑M
k=1 PL(k|xL,n))wl ∗ (

∑M
j=1 PC(j|xC,n))wc + oC + oL

(4.9)

wl and wc, wl+wc = 1 are the weights of PL and PC respectively. Outliers oC
are calculated with Eq. 4.8 and oL with the outliers probability of the original
CPD

oL = (2πσ2)D/2 wM

(1− w)N

4.3 Experimentation

A set of tests have been carried out to evaluate the performance of the proposed
CCPD compared to the original version. First, the dataset of the original CPD
(Subsection 4.3.1), the fish and the face, has been used. The implementation
of the code has been done in Matlab, using part of the toolbox provided by
Myronenko at www.bme.ogi.edu/ myron/matlab/cpd. Colour information has
been added to the original data. The distribution of colours over the shape has
been done in the way to distinguish the different parts of the shape, i.e. a region
with same colour corresponds to a specific part of the shape (e.g. mouth in the
face, or tail in the fish). It is important for the non-rigid registration with colour
because it gives meaning to the relationship between colour and shape.

The second test (Subsection 4.3.2) presents two synthetic data with realistic
colour and shape. Concretely, a face and a flower are used, which have been
deformed using Blender and acquired using a plugin of this software called
Blensor [Gschwandtner et al., 2011]. This plugin emulates different sensors,
including the general purpose RGB-D sensor Kinect. The set-up also included
a computer to perform experiments, where the system comprised Windows 7,
an Intel i5 processor and 8 GB of RAM. The code was implemented in Matlab
vR2013b.

Furthermore, in this section a sampling is performed to reduce the size of
the data. This is a necessary step when the point cloud is very large. The
processing time is a drawback in most non-rigid registration techniques as all
points need to be evaluated to estimate their transformation. Therefore, a
downsampling pre-process is recommended. This is included in the proposal
of Section 4.1 by minimizing the distance between tuning point to the working
point, ΥS . This sampling not only helps in processing time reduction, but also
can improve the input data to the registration by sampling the points using a
specific feature. It can be understood as an improvement of the SVA sensitivity.
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Thus, a comparative of five sampling methods is presented with different kernel
features.

Finally, a real data evaluation is done in Subsection 4.3.3 to confirm that
the proposal is able to handle real data acquired from a general purpose RGB-D
sensor.

4.3.1 Synthetic data experimentation

The tests consider four issues: outliers, missing data, colour distribution changes
and large deformations. In the first, data points from Y are removed. With
this test the outlier handling is evaluated against the original. Next, different
tests have been carried out where data from X are removed which can be seen
as outliers in Data Y or missing points from the Model point of view, situation
which is not possible to parametrize in the original CPD (points in Y that do not
have real correspondence in X). In this case, CCPD uses the colour information
to improve the probability evaluation to avoid wrong matches. Another test that
has been carried out evaluates different displacement in the colour with respect
to the shape, which evaluates situations where the colour distribution in X

and Y are different. An example of this could be moving the eyebrows up and
down, where the shape in 3D slightly remains the same, but the colour changes
the position. Lastly, large deformations are evaluated to show how the colour
facilitates the perception when the transformation is complex or semi-coherent.
It is important to highlight that the parameters have been adjusted individually
to result in the best alignment for both the CPD and CCPD algorithms.

The main difference between the original and the proposed method comes
when the Model has missing data, which cannot be modelled as outliers in the
CPD. As the colour is a distinctive feature, the proposal is able to evaluate the
correspondences properly and then provide good results.

4.3.1.1 2D fish experimentation

The 2D tests use different model X and data Y fishes based one two initial
shapes (data from the original work of CPD [Myronenko and Song, 2010]). Nine
colours using the H component of HSV are used to distinguish the different parts
of the fish (see Figure 4.4).

Table 4.2 presents the RMS error of the registration taken into account eu-
clidean distances of real correspondence in location space. Figure 4.5 shows the
visual result of the tests. In general, the registration achieves better alignment
(minimize the error distance) in CCPD results. Test 1 evaluates the effect of
outliers by removing in Y the top and bottom tip of the fish. In this case,
the proposal returns a slightly better registration due to, despite CPD is able to
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Figure 4.4: Model X (left) and Data Y fishes based on the original work of
CPD [Myronenko and Song, 2010] including colour information

register properly, the colour feature provides a more robust matching estimation
and hence registration. Test 2 and Test 3 correspond to missing data testing
where points in Model X are removed, while Y remains complete. The total
amount of points is 91. For Test 2, 20 points are removed (20/91 = 21.97% of
outliers) and for Test 3, 53 points are removed (53/91 = 58.24% of outliers).
The results demonstrate the improved performance of CCPD in the alignment
against CPD. Concretely, in Test 2, CCPD achieves 0.747E-02 RMS error in
registration being 4.82 times better (382% of improvement) than CPD, while
in Test 3, CCPD achieves 0.624E-02 RMS error being 23.1 times better than
the original method (2209% of improvement). CCPD is more robust against
outliers in the Data Y (or missing data from the Model point of view).

A large deformation test has been considered by registering a square to the
Model fish in Test 4, where Matlab jet colourmap is used. This colour map
provides colours in RGB = [0,0,0.562] to [1,1,0], which in H component used
here are H = [0 0.0625 0.1250 0.1875 0.2500 0.3125 0.3750 0.4375 0.5000 0.5625
0.6250 0.6875 0.7500 0.8125 0.8750 0.9375 1.0000]. The RMS error is 26.62E-
02 in the CCPD method and 51.559E-02 in the original CPD, a 93.69% of
improvement of CCPD against CPD. Furthermore, CPD on the low tip of the
back tail (Figure 4.5 fourth-row right-image) misaligns the colours as it does not
have this information, which also demonstrate the improvement in registration
accuracy of the proposed colour feature consideration in the registration process.

Table 4.2: RMS registration error of fish shape tests.

CCPD CPD
Test 1 0.52064E-02 0.53293E-02
Test 2 0.7468E-02 3.5967E-02
Test 3 0.6239E-02 14.406E-02
Test 4 26.622E-02 51.559E-02
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X Y CCPD CPD

Figure 4.5: Tests 1 to 4 of fish shape from top to bottom respectively. The rows
represent from left to right the Model, the Data, the CCPD registration result
and the CPD result.

The next test evaluates changes in the colour distribution. In this situation
both shapes have the same points as the original, but the colours are slightly
different. The result is visually evaluated in Figure 4.6. It is possible to see the
green part registration, that in the proposed method shrinks to adapt to the
colour changes while in CPD the colours are not properly aligned. That also
occurs in the orange and red parts.

X Y CCPD CPD

Figure 4.6: Registration result for different colour distribution in X and Y . Left
image is the Model with different colour distribution (see Fig. 4.5), the second
the Data. The third and fourth are the results for the CCPD and the CPD
algorithms.
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4.3.1.2 3D face experimentation

The 3D face experimentation is presented here. Different model X and data Y
points are used based on two initial positions (data obtained from the original
work of CPD [Myronenko and Song, 2010]). The face colouring has been done
using four tones in RGB. A main black part, red libs and eyebrows, blue ears
and yellow forehead (see Figure 4.7).

Figure 4.7: Model (first row) and Data (second row) of face shape. There appear
4 colours, yellow in the forehead, red in eyebrows and lips, blue in ears and the
rest black.

Table 4.3 presents the RMS error for the 3D tests. In Test 1 outlier handling
is evaluated by removing data points from the forehead (yellow part) of Y.
Tests 2, 3 and 4 correspond to the missing data evaluation. Test 2 is similar
to Test 1, but removing the data from X. As the unmatched data cannot be
parametrized as outliers, the original CPD is not able to register it properly.
Test 3 removes all colour parts except the black one obtaining a better results
for the CCPD proposal. Finally, in Test 4 the algorithm registers the non-
black parts (i.e.: forehead, ears, lips and eyebrows), in the Model X with the
complete Y. Similarly to the 2D experiments, the proposed method is able to
register more accurately. A large test evaluation is presented in Table 4.4 where
a set of 50 different changes are registered (dataset available from Myronenko
[Myronenko and Song, 2010]). The average RMS errors for the Tests 2, 3 and
4 are 0,36834E-02 for CCPD and 8,8453E-02 for CPD, then the proposal is 24
times better than original method (2301% of improvement).
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Table 4.3: RMS registration error of face shape tests.

CCPD CPD
Test 1 0.37278E-02 1.62E-02
Test 2 0.28985E-02 4.078E-02
Test 3 0.21677E-02 12.051E-02
Test 4 0.5984E-02 10.407E-02

Figure 4.8 shows the result of the tests, where each row is a test from 1
to 4 respectively, to visually evaluate the performance of both methods. In the
second row it is possible to see how CPD moves wrongly yellow points downward
while the proposed method keeps the point in the top part as they do not have
correspondences. The third row has only colour points in the Model X, without
the black part. The proposal aligns properly these remaining parts while CPD
cannot align the parts properly. Similarly the fourth test is correctly aligned by
CCPD as the corresponding points in the Model and Data are properly aligned,
while CPD returns an inaccurate result.

Table 4.4: RMS registation error of 50 face shapes.

CCPD CPD
Test 2 0.26E-02 3.93E-02
Test 3 0.32E-02 8.53E-02
Test 4 1.13E-02 11.54E-02

A final test was carried out to evaluate a displacement of colour and a large
deformation. In this test, the eyebrows of Y are lower than inX. The movement
should displace the eyebrows upward. This is considered a large deformation
as the movement is not coherent in the shape data space, but coherent in the
colour data space. Figure 4.9 shows this registration. In order to help in the
visualization, a flow image is shown for both methods. The proposed method
achieves a proper result moving up the eyebrows while the original CPD, as it
does not take into account colour, is not able to achieve the correct result.

4.3.2 Synthetic realistic experimentation

In this section, I present the experimentation to evaluate the method for non-
rigid registration as well as the sampling technique (proposed in the transfor-
mation ΥS) using realistic shapes. The dataset includes two different objects:
a flower and a face. The synthetic models have been acquired using the Blensor
tool, a Blender plugin which simulates a Microsoft Kinect RGB-D sensor. The
models have been deformed with Blender to have three shapes, origin, small
deformation and large deformation. The comparative of sampling methods in-
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X Y CCPD CPD

Figure 4.8: Rows 1 to 4 show Tests 1 to 4 of face shape. The columns represent
from left to right the Model, the Data, the CCPD result and the CPD result.
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Figure 4.9: Eyebrow movement test. CCPD on the left and CPD on the right.
The first row shows the registration result. The second row shows the flow in
the specific area of the eyebrows to visualize the movement easily.

cludes five different sampling techniques (Subsection 4.3.2.1).
Figure 4.10 and 4.11 show the face and flower models used for the experi-

ments. The images are from left to right: the target, a first deformation, and
a second larger deformation. The face deformations could be seen as elastic
deformations, because the face remains the same expect displacement of some
parts. The first deformation is a eyebrow rise and a mouth change. The second
moves both eyebrows and the mouth, changes the nose and the chin. For the
flower, it could be seen as growth deformations due to the size of the object
changes. The first deformation enlarges a little the leaves and the second is a
larger deformation.

4.3.2.1 Sampling part of ΥS

In the proposal presented in Section 4.1.1, one of the steps to improve the
perception to provide better data to the non-rigid registration method, includes
the sampling step in the transformation ΥS . This improves the registration
in two aspects. First, reducing the quantity of data improving the processing
time. Moreover, if the sampling is applied using specific features to select the
samples, the resulting data could improve the registration result. For example,
if we use colour information in the sampling process, those similar colours spread
along the face will be highly reduced as they are not significant, whereas other
distinctive colours will remain similar as they are significant for the deformable
registration.

Five different techniques of data sampling have been evaluated, using three
sampling rates (250, 500 and 1000 points). Depending on the feature to be con-
sidered of the sampling method, a different result is provided. Bilinear sampling
uses bilinear interpolation to downsampling data, being the value of new points,
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Figure 4.10: The face model used in the experimentation. Two viewpoints (each
per row) of the faces used. From left to right, the original face shape as target
for the deformations in second and third columns.

the average colour of original points used in the interpolation. Normal-based
downsampling calculates the angle between each normal and a reference vector
in order to bring a 3D data (normals) into 1D data (angles). All angles are
placed in a common space which is divided in isometric parts, and then sam-
pled uniformly in a fix number of data (i.e. independently the number of angles
in a division, a fix number is uniformly selected). Therefore, those parts which
correspond to smooth regions in the shape will have less data. After sampling,
the relative number of points respect to the initial will be lower in smooth parts
than in rough regions of the shape. Colour-based is similar to the previous
but considering the colour space. The combination of normal and colour-based
(hereafter referred as CN-based) techniques results in an intermediate solutions,
that have colour and irregular parts well detailed, and those smooth and homo-
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Figure 4.11: The flower model used in the experimentation. Two viewpoints
(each per row) of the flower used. From left to right, the original flower shape
as target for the deformations in second and third columns.

geneous parts with less data. The last method is a GNG variant which samples
the 3D space by a Growing Neural Gas (GNG) network, storing in each neuron,
the colour of the region that describes [Orts-Escolano et al., 2013, Orts-Escolano
et al., 2014].

Figure 4.12 and Figure 4.13 present the result of the different downsampling
techniques for 1000 points. In the figures, it is shown the target model (left
column), first deformation (middle column), and the larger second deformation
(right column). From top to bottom, the sampling techniques presented are:
bilinear, normal-based, colour-based, NC-based, and GNG. The same experi-
mentation has been carried out for the other two sampling rates, however only
this one is presented as an example of the results provided by the different
techniques.

From the data presented in Figures 4.12 and 4.13, bilinear and GNG down-
sampling techniques provide the expected spatial data distribution, as both are
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Figure 4.12: Sampling examples for face with 1000 data points. First column
shows the original, and the second and third the two deformations. From top
row to bottom the sampling techniques are bilinear, normals, colour, NC-based,
and GNG.
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Figure 4.13: Sampling examples for flower with 1000 data points. First column
shows the original, and the second and third the two deformations. From top
row to bottom the sampling techniques are bilinear, normals, colour, NC-based,
and GNG.

conceived for sampling the data homogeneously along the space, as it is possi-



148 4.3. Experimentation

ble to visually appreciate for both models in the figures. This transformation is
interesting when the purpose of the method that uses these data needs to have
information about the whole space, such as rendering or surface reconstruction.
Moreover, GNG has demonstrated noise reduction capabilities in [Orts-Escolano
et al., 2013]. The normal-based sampling returns higher density in those parts
with higher shape variation. The face clearly shows higher density in the nose
sides and eyes cavity. For the flower, parts with orientation different from the
rest has higher density of data. This reveals that the reference vector to ex-
tract the angle is a critical aspect which must be taken into account. In the
second deformation of the flower, the top part has higher density because it
look frontally and only a yellow part of the rest looks to the same orientation.
Similar situation occurs with the right part. The colour-based sampling for the
face returns more data in eyebrows, eyes and nose. For the flower, the colour-
based sampling data has a higher density in the center region due to it is the
most different one, similar that the stem. The combination NC-based provides
a hybrid solution of both previous methods.

As general comparative, colour-based, normal-based and NC-based provide
very detailed data in those parts with a specific characteristics. However, the
main drawback is that in cases where the whole shape wants to be used, they
do not provide proper data. This is the opposite in bilinear and GNG based
methods which return homogeneous data spread on the surface of the subject.

4.3.2.2 Non-rigid registration evaluation

A comparative evaluation of CCPD and CPD is here presented for registering
synthetic realistic subjects. The colour information, used by CCPD, allows the
registration method to achieve good results in accuracy when the surface is not
very detailed so the drift of points is not constrained by the irregularities of the
shape.

Using the data sampled in the Subsection 4.3.2.1, the non-rigid registration
methods are qualitatively evaluated by visual inspection. Figure 4.14, 4.15 and
4.16 show the face shape for CCPD and the original CPD with 250, 500 and 1000
points respectively. Moreover, Figure 4.19, 4.20 and 4.21 show the flower shape
for CCPD and the original CPD with the same point sampling. Concretely,
figures show the registration for the second deformation of each shape as it is
the larger one. For each figure, the first row presents the CCPD method and
the second the original CPD. From left to right, the sampling techniques are:
bilinear, normal-based, colour-based, NC-based, and GNG.

To later analyse the registration, I will pay special attention to a specific
Region-of-Interest (ROI) for each model (i.e. those parts that are the aim of
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the study). In the face, the ROI will correspond to the mouth and eyebrows
due to they are the parts which are mainly displaced. The ROI in the flower
will correspond to the central part, pink and yellow, as they do not deform
in colour accordingly to the rest of the leaves (i.e. the deformation produces
an enlargement of the tip of leaves, but the center remains the same). This
simulates the growth of a flower, where not all parts growth in the same way.

Figure 4.14: Non-rigid registration result of face shape for a 250 points sampling.
The first row shows colour CPD, and the original CPD in the second. Columns
are from left to right, bilinear, normal-based, colour-based, NC-based, GNG.

I can conclude different aspects from the results of the experimentation.
The most important one, which is the relation between the sampling methods
provided by the transformation ΥS and the non-rigid registration technique, is
that the sampled data provided to the registration method has a direct effect
in the final alignment. This occurs notoriously in the face because the ROI
(eyebrows and mouth) performs the main movement of the deformation. CCPD
aligns the points properly (i.e. they align the point in the expected way by colour
and location) while CPD misaligns as the registered points align to points with
different colours. However, using colour-based and NC-based, both CCPD and
CPD properly align due to the distribution of points has higher density in the
ROI (higher density of points in ROI). Then, if mainly points in the ROI are
used, being this part the one that moves, original CPD is indirectly constraint
by the colour, so both algorithms will perform similar results. Regarding the
rest of sampling methods, CCPD achieves better alignment of the points in
colour and location space. Figure 4.17 and Figure 4.18 show the ROI of the face
for GNG and bilinear respectively to clearly visualize the registration of CCPD
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Figure 4.15: Non-rigid registration result of face shape for a 500 points sampling.
The first row shows colour CPD, and the original CPD in the second. Columns
are from left to right, bilinear, normal-based, colour-based, NC-based, GNG.

Figure 4.16: Non-rigid registration result of face shape for a 1000 points sam-
pling. The first row shows colour CPD, and the original CPD in the second.
Columns are from left to right, bilinear, normal-based, colour-based, NC-based,
GNG.

and CPD.
The flower shape presents a similarly behaviour to the face in the registra-

tion results. When the data comes from either colour-based or NC-based, both
CCPD and CPD achieves similar results. Moreover, when the data has been
sampled using GNG or bilinear, the proposed CCPD achieves higher registra-
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Figure 4.17: Enlarged example of the ROI for the face sampled with GNG. The
first row shows the colour variant CPD and the second the original algorithm.
The data is from left to right, 250 points, 500, and 1000 for the GNG.

Figure 4.18: Enlarged example of the ROI for the face sampled with bilinear.
The first row shows the colour variant CPD and the second the original algo-
rithm. The data 250 points, 500, and 1000 for the bilinear.

Figure 4.19: Non-rigid registration result of flower shape for a 250 points sam-
pling. The first row shows colour CPD, and the original CPD in the second.
Columns are from left to right, bilinear, normal-based, colour-based, NC-based,
GNG.

tion accuracy than the original CPD. As the deformation in this shape is not
isometric, being the tips of some leaves the parts that get larger compared to
other. CCPD moves the points differently in the tip of the leaves than the
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Figure 4.20: Non-rigid registration result of flower shape for a 500 points sam-
pling. The first row shows colour CPD, and the original CPD in the second.
Columns are from left to right, bilinear, normal-based, colour-based, NC-based,
GNG.

Figure 4.21: Non-rigid registration result of flower shape for a 1000 points sam-
pling. The first row shows colour CPD, and the original CPD in the second.
Columns are from left to right, bilinear, normal-based, colour-based, NC-based,
GNG.

ROI, achieving accurate results. However, as CPD moves coherently, the points
shrink all together (the registration is from the larger to the original position)
producing that ROI ends in a wrong colour alignment. This situation is pre-
sented in Figure 4.22 and Figure 4.23.

Figures 4.22 and 4.23 show a detail of the registration to evaluate visually
the accuracy of both methods. It is easy to appreciate that CCPD achieves
better results than the original version in the alignment.

Finally, processing time of the registration process has been evaluated and
shown in Table 4.5 for the face model execution, and Table 4.6 for the flower.
The original CPD always achieves lower times due to the number of operations.
To calculate the posterior probability in CCPD, it is necessary to estimate for
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Figure 4.22: Enlarged example of the ROI for the flower sampled with GNG. The
first row shows the colour variant CPD and the second the original algorithm.
The data is from left to right, 250 points, 500, and 1000 for the GNG.

Figure 4.23: Enlarged example of the ROI for the flower sampled with bilin-
ear. The first row shows the colour variant CPD and the second the original
algorithm. The data 250 points, 500, and 1000 for the bilinear.

each point both colour and location probability. Moreover, the convergence is
not the same in both methods, as CCPD commonly needs more iterations to
achieve a more accurate result. The time of both tables is presented in seconds,
and is shown for each sampling method. The columns are: first, the sampling
method; from second to fourth, the sampling rates for the first deformation; and
from fifth to seventh, the three sampling rates for the second deformation.

4.3.3 Real data experimentation

To evaluate the method in real conditions, experimentation with data from a
general purpose RGB-D sensor has been carried out. In this case, a face with
different expressions is used to evaluate the non-rigid registration using CCPD,
against CPD. Due to the absence of ground truth, the data will be visually
evaluated to analyse the performance of both methods. Figure 4.24 shows the
data used in this experimentation.

Figure 4.25 shows an eyebrow rising deformation. The target is a neutral
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Table 4.5: Average processing time in seconds CCPD and CPD in face shape.

Face deformation 1 Face deformation 2
CCPD

250 500 1000 250 500 1000
bilinear 11.7988 58.4475 560.6209 30.2463 98.0815 654.7234
normals 17.0563 114.3599 555.5070 24.3791 62.2356 873.7409
colour 11.7048 58.2177 703.9807 19.7996 69.2475 809.8889

NC 23.2824 141.5593 465.4034 25.8104 70.3541 700.6084
GNG 35.1574 121.0136 541.7851 31.5702 181.0353 698.8645

CPD
bilinear 3.4144 13.3339 58.8231 9.0456 44.0501 175.9423
normals 7.5732 31.0907 173.2305 12.1042 45.0169 181.4115
colour 5.501 27.6411 174.1651 7.9162 29.5334 135.8508

NC 12.4572 36.2307 149.8286 7.1914 42.8539 193.599
GNG 11.3055 43.2056 171.6053 11.6725 44.3024 183.5948

Table 4.6: Average time processing CCPD and CPD in flower shape.

Flower deformation1 Flower deformation2
CCPD

250 500 1000 250 500 1000
bilinear 33.8404 100.1836 560.1712 13.4003 153.0062 562.0116
normals 18.9529 74.6561 369.0443 20.0593 121.5026 537.5028
colour 13.0186 129.9349 458.0764 21.498 74.1095 361.1847

NC 52.0435 91.3152 388.7584 66.038 274.563 267.593
GNG 20.7716 112.4218 443.8667 18.5236 66.7437 615.4628

CPD
bilinear 9.8136 43.4829 175.2797 11.2072 43.2063 172.0116
normals 11.4153 45.7999 181.3168 11.8425 42.7337 172.5745
colour 11.5049 42.8385 175.7153 9.9246 42.8615 175.9582

NC 11.79 43.2504 174.0308 11.2697 43.7694 174.9237
GNG 11.8023 45.2732 176.094 11.1835 43.7019 171.5101

expression and the deformation is a surprise expression. The registration results
of CCPD accurately aligns the shapes. The right column shows the data flow.
It clearly shows the movement of the eye region downward, from the surpris-
ing expression to the neutral one. In this case, CPD only takes into account
the location, then it cannot align properly the eyebrows, resulting in a wrong
homogeneous displacement.

Figure 4.26 shows a cheek inflating deformation. The origin inflates one
cheek so the mouth also moves to the side, the target is a neutral expression.
The CCPD outperforms the registration of CPD as it uses the beard colour
to properly align and move the points into a correct location, where correct
means to colour of both X and Y registered are the most similar over the data.
Whereas, CPD, despite the good result, ends in a non accurate registration
because it can only perceive the location information.
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Figure 4.24: Real data used for the non-rigid experimentation

Figure 4.27 presents a large deformation. Here the face is highly deformed to
a side and closing an eye. CCPD aligns the points betterly because the registered
pointset results in a correct location. CPD, however, cannot move correctly the
points resulting in a inaccurate result (points registered have different colour).
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Figure 4.25: Real data registration, eyebrow rising. The top row is CCPD,
and the second CPD. From left to right, original deformation, target shape,
registered shape, final alignment and data flow

4.4 Conclusions

In this chapter, a novel framework for non-rigid registration is presented. The
framework introduces the non-rigid registration of multiple spaces by combin-
ing input spaces also in the correspondence estimation step, which enhances
the result in presence of noise, missing data and outliers. This method, based
on the original CPD, allows to align point clouds using all possible input data.
Concretely, an analysis of the combination of colour and location spaces is pre-
sented as a concrete case of the general framework. A possible problem solved
by each possible combination of them is also explained. Moreover, an instantia-
tion of one of the combination is developed and evaluated. The combination of
colour and location in the estimation correspondence part for location alignment
is presented as the Colour Coherent Point Drift (CCPD) method. Using this
combination, it is possible to overcome problems that cannot be solved with the
original CPD.

When large data sets are registered, due to each points has to be evaluated,
the processing time increases square order as all points in both data sets need to
be studied. Therefore, a sampling technique is proposed to reduce the quantity
of input data. Furthermore, in the proposal to improve the perception of the
system, the sampling is included in the transformation ΥS to enhance the data
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Figure 4.26: Real data registration, left cheek inflation. The top row is CCPD,
and the second CPD. From left to right, original deformation, target shape,
registered shape, final alignment and data flow

Figure 4.27: Real data registration, large deformation. The top row is CCPD,
and the second CPD. From left to right, original deformation, target shape,
registered shape, final alignment and data flow

provided by sampling with specific features that could fit the problem. Thus, a
comparative of different sampling techniques is done to analyse how this trans-
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formation (ΥS) affects the registration. Concretely, the comparison includes
bilinear interpolation, colour-based, normals-based, a combination of the two
previous and a GNG-based sampling.

Regarding the non-rigid registration, the proposed CCPD outperforms the
original CPD in most cases. The new input, the colour, provides information
that disambiguates situations where the 3D space provides wrong correspon-
dences. For example, a flower that grows is used due to some parts remain the
same but the tips of the leaves expands. Here, CPD returns a coherent move-
ment which moves the points in a wrong position, while CCPD keeps the colour
in a good registration.

The experimentation included three parts: synthetic simple subjects, syn-
thetic realistic subjects and real data. The simple subjects are those used in the
original CPD adding colour information (a fish and a face), the realistic subjects
have been obtained using Blensor, and the real data has been acquired using a
Primesense Carmine RGB-D sensor. The first experimentation with a fish and
a face shape shows how the proposed method is able to overcome noise, outliers,
missing data and large deformations. To evaluate the outliers and missing data,
first the registered dataset Y is aligned to the target dataset X, this second
set with outliers (data in X without correspondences in the registered set Y ),
providing similar result for both CCPD and CPD. Secondly, missing data eval-
uation has been carried out by removing points in X, it is to have points in
Y without correspondences in X. In this evaluation, for the fish shape, CCPD
is 4.82 times better than CPD in registration accuracy for 21.97% of missing
data and 23.1 times better for 58.24% of missing data. For the face, CCPD is
24 times better in average for all missing data tests than the original method
(2301% better RMS error in alignment in average). For a large deformation
evaluation, a square shape is registered to the fish shape, obtaining a 2209%
better alignment by CCPD than by CPD for the RMS error (23.1 times better).
In the case of the face, the large deformation moves the eyebrow upper while the
rest of face remains the same, which means to force a non-coherent movement
in a specific region. It has been visually evaluated with an outperforming of
CCPD over CPD.

For realistic data experiments, two subjects have been evaluated, a flower
and a face. Both subjects have two deformations, one larger than the other.
The face changes the shape as expressions, then eyebrow, and mouth are the re-
gions that mainly deform, which can be studied as an elastic deformation. The
flower, performs the growth of some leaves, which can be seen as a free deforma-
tion due to the subject is deformed changing the size and the topology as new
points appear in the deformation. One of the proposals to improve the quality
of the data provided to the registration algorithm, relies on a transformation
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ΥS that samples the data using a specific feature (e.g. normals, colour, topog-
raphy). Moreover, this helps to reduce the number of points and improve the
processing time. To evaluate this transformation, five downsampling methods
have been evaluated with different characteristics. The methods include bilinear
interpolation, normal-based, colour-based, a combination of normal and colour,
and a GNG-based variant. The methods are visually evaluated, where bilinear
and GNG provide homogeneous data distribution, which is appropriate when
no specific features need to be enhanced. Nevertheless, colour-based provide
higher density of point in regions where the colour is not predominant in the
shape, which is useful is the colour is a distinctive characteristic. Normal-based
provides higher density of points in regions where the surface changes largely
(curvature of the shape). The combination, defined as CN-based is a mixture of
both, and provides higher density of points in regions where the colour and/or
curvature is distinctive (not homogeneous over the shape). CCPD has been
evaluated and compared to CPD using the data provided by the downsampling
methods. The results have been visually evaluated, showing more accurate reg-
istration for the proposed method in most cases. The subjects, for all data (each
downsampling method), are aligned not by the point distribution only, but also
with a coherence in the colour space (similar colours are aligned together).

The real data includes three face deformations, from smaller to larger, re-
turning more accurate registration results for the proposed method. The defor-
mations of the shapes are better aligned by CCPD because the flow of the points
is more similar and coherent to the expected (expected by visual inspection),
by aligning the points regarding the shape and colour information.

Combining new spaces, as well as registering simultaneously various inputs,
is the next step to be done as future works. Moreover, evaluate biological growth
using CCPD is a short time future work that will provide a very useful tool for
many applications. As long term future work, I am interested in modifying
the method to accelerate the process by comparing neighbour points instead of
the whole data set. Moreover, an implementation of the method in a massive
parallel processing GPU is proposed as future work to speed up the process.





Chapter 5

Conclusions

In this chapter, the conclusions of the research are presented. A method-
ology for representing 3D subjects and their deformations by means of
registration techniques has been presented. In order to do this, it has
been proposed a solution for rigid registration with higher registration
accuracy that existing methods in adverse conditions, by modifying the
environment including objects which allow to find the required transfor-
mations. Moreover, it has been proposed a solution for non-rigid reg-
istration to improve the estimation of the transformation able to align
one dataset into another in similar adverse situations, where state-of-
the-art methods could not provide the required accuracy. To do this,
a combination of spaces has been proposed to handle situations where
a feature is not distinguishable in one space but it is in another. The
proposals have been evaluated with synthetic and real data. The main
contributions and future works are also presented in this chapter as well
as the publications achieved during the research.
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5.1 Conclusions

In this thesis, a methodology for reconstructing 3D subjects and their deforma-
tions using general purpose RGB-D sensors has been proposed.

In order to define the concrete objectives of the research, a study of the state
of the art has been performed aiming at the different areas involved in the con-
text and motivation of this thesis. The 3D representation topic has been studied
to evaluate the main aspects to be taken into account. From this study arises
the need of providing data with a quality in completeness (regarding holes, and
data that covers the whole subject of interest) and accuracy (closeness of shape
described by the data point with the real object) in order the representation
algorithms can estimate a subject with the quality required by the problem.
Moreover, a review of the main kind of 3D sensors has been done including the
technology used, the advantages and disadvantages of each category. To vali-
date the proposed methods, general purpose RGB-D sensors have been chosen
as input device. Their sensitivity is appropriate for a wide range of applications,
but not optimized for any specific one. Then, the evaluation of the methodology
can be carried out by experimenting in situations working in the limits of the
sensitivity. Moreover, these sensors are extensively used in research works due
to the characteristics (portability, flexibility, low monetary cost, frame rate...),
then any proposal in this can be beneficial for the scientific community.

In order to provide the data to the representation methods, registration tech-
niques are used to align all views taken from different viewpoints of the subject.
Regarding the rigid registration, different approaches have been proposed to
handle different levels of noise. However, it is still a challenging problem in sit-
uations where the sensitivity does not allow the perception of reliable features
of the subject. Some work has been carried out to provide rigid registration
techniques using RGB-D sensors, however they usually rely on smoothing tech-
niques to improve the quality of the provided data, and commonly reconstruct
objects or scenes with feature sizes larger than the sensitivity of the sensor. The
non-rigid registration methods, whereas, have not been as deeply studied as the
rigid ones, being now under an intense study. Here, the missing data, noise and
outliers, are issues that highly affect the accuracy of the registration results.

After the study of the state of the art, a main objective has been defined
for developing and evaluating a methodology for 3D subjects registration in ad-
verse conditions. This methodology provides the steps and transformations of
the elements in the acquisition system, to improve the registration accuracy in
adverse conditions regardless the application, which allows to be general for a
wide range of problems. The transformations proposed act in the elements of
the acquisition system (subject of interest, sensor, and environment). They are
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focused in two main aspects: adjust the elements to allow the system working
in the range of maximum sensitivity of the sensor (denoted as ΥS); and con-
ditioning the system to allow the sensor perceive the features to study in the
range of sensitivity below the requirements (denoted as ΥC). In order to do
this, two sub-objectives were proposed: to develop and evaluate a method for
rigid registration to enhance the representation of constraint-less 3D shapes in
adverse situations by using the transformations of the main objective; and the
development and evaluation of a method for non-rigid registration to perceive
free-form deformations of constraint-less 3D shapes in adverse situations mak-
ing use of the transformations of the main objective. Moreover, the objectives
included the experiments to study their capabilities with both synthetic and
real data.

In order to provide a general methodology, an Active Vision Model for reg-
istration purposes in adverse conditions has been developed in this thesis, and
presented in Chapter 1. This proposal lays the foundations of the registration
problems for both rigid and non-rigid situations. This model instantiates the
Active Vision Model defined initially by Fuster Guilló in [Fuster Guilló, 2003]
and continued by Azorín López in [Azorín López, 2008]. In it, I have defined
the elements to take into account in registration processes in adverse situations.
Moreover, I have proposed the necessary adaptations in the elements that con-
tribute in the data acquisition to improve the final results.

Following the formal proposal aforementioned, a novel rigid registration
method has been presented to overcome the problem of subject alignments in
acquisition systems where the sensitivity does not provide reliable features. The
proposal overcomes the sensitivity problems by including into the environment
new objects (transformation ΥC that transforms the environment to increase the
distance between scene magnitudes) that make easier the step of finding corre-
spondences between two camera viewpoints. These objects, called 3D markers,
are also used during the registration process in the transformation estimation
(rotation and translation). Then, they have to be accurately modelled for pro-
viding improved data to the registration process. In order to do this, I have
proposed a novel technique to estimate the model of planar objects, called Mul-
tiplane Model Estimation (MME).

The novel technique MME is presented in Chapter 2. It makes use of prior
knowledge of the object to accurately calculate the planes of faces that define
it, including two steps, clustering the faces and obtaining the planes. The
knowledge is used as constraints during the process. The clusters represent the
points belonging to each face of the marker, and are obtained with the proposed
Point Cloud Clustering (PCC) method, that uses kMeans and prior knowledge.
PCC first clusters, by using points and normals information, then evaluate the
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clusters to merge them, and, finally, uses the prior knowledge to return the
clusters that best fit the constraints. After the clustering, the MC-RANSAC
method is proposed to accurately estimate the planes for the faces that best fit
the points and the constraints. MC-RANSAC first estimates the plane models of
each face with a subset of points. Then, the constraints (angles are used in this
thesis) are evaluated. If the planes fit the constraints, the inliers are obtained
by evaluating which points provide planar models (after being included in the
initial subset) that fit the constraints. If the number of inliers is sufficient to
consider the model as descriptive (i.e. this will be defined by the problem),
the planes are accepted. The evaluation of the method considered synthetic
and real data. Concretely, three objects have been tested: a cube, a pyramid
and a double pyramid. The synthetic data has been obtained using Blensor
and the real data acquired with a Microsoft Kinect RGB-D sensor. Moreover,
the experimentation includes eight different points of view to evaluate objects
in different situations. In the concrete case of the synthetic data, it has been
evaluated with four different levels of Gaussian noise (σ = 0, σ = 1 · 10−5,
σ = 4 · 10−5 and σ = 6 · 10−5). The experimentation has been divided into two
parts. The former, a evaluation of PCC has been carried out concluding the 96%,
64% and 54% of points have been classified in clusters which describe different
faces of the real model. The values correspond to the three non-zero levels of
noise comparing with the zero noise. The latter, MC-RANSAC is evaluated
and compared to a clustered RANSAC. Both used the clusters provided by
PCC using the ground truth classification (without noise) and adding the noise
later to evaluate only the model fitting. In this evaluation, the comparison is
made using the normals orientation per face, and hence the error is presented in
degrees. The proposed method achieves a model fitting average error of 0.7425
degrees (0.3285 degrees of standard deviation), whereas the clustered RANSAC
a 2.7094 degrees (1.7574 degrees of standard deviation). A different test has
been carried out to evaluate not the fitting of the constraints but the error in
plane orientation against the plains obtained without noise (ground truth). The
average error of MC-RANSAC is 1.8169 degrees (0.9267 standard deviation),
while clustered RANSAC obtains an averaged error of 2.3611 degrees (0.9717
of standard deviation). The results clearly show that the proposed method for
model estimation is able to return more accurate results than the state-of-the-
art methods for different objects with different number of planes and points of
view.

A novel rigid registration method is proposed in Chapter 3. This method,
coined as MUltiplane 3D MArker based Registration method (µ-MAR), makes
use of the modelled 3D markers (concretely using cubes in this thesis) to over-
come noise and low sensitivity problems. This method aligns the faces of the
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markers simultaneously to eventually transform the whole environment for re-
constructing the object of interest. The planes are modelled by their normals
and centroids. The rotation is calculated using the normals, aligning them using
the rotation provided by Procrustes analysis, concretely the Single Value De-
composition technique. The translation is after obtained by using the distance
between projection of centroids on the corresponding target plane as target cen-
troids. This projection method overcomes the problem of corresponding planes
with different centroid positions. With the centroids of the faces to align and the
new target centroids, the average displacement is returned as the translation.
All this process is included in a multi-view framework which iteratively aligns a
set of n views. The experimentation has been carried out with synthetic and real
data. Synthetic data, obtained with the Blensor software, allows to validate the
proposal. An objective evaluation using the Hausdorff distance shows high reg-
istration accuracy of the proposed method. Concretely, the Hausdorff distance
error in average is inMean (using mean distances to calculate the Hausdorff dis-
tance) 0.6556 for µ-MAR and 6.1515 for ICP . In the case of RMS (using RMS
to calculate the Hausdorff distance), the proposed method achieves an error of
0.8958 in average and 8.1154 for ICP , concluding that µ-MAR is close to 10
times better in average than ICP. For real data, four different objects have been
acquired by a Microsoft Kinect RGB-D sensor. The registration method has
been compared with state-of-the-art methods including ICP, RANSAC-based
registration, KinectFusion and RGBDemo, using visual inspection because of
the absence of ground truth to compare. The result of each method shows
the drawbacks that they have, and in general the proposed µ-MAR achieves
the best results in registration accuracy for all objects. The µ-MAR proposal
returns registration accuracy that outperforms the state-of-the-art methods.

The second objective of this thesis was to develop and evaluate a non-rigid
registration method. Concretely, a multi-space framework that combines vari-
ous inputs in the registration process is proposed in Chapter 4. The proposal
uses the combination of multiple spaces to solve correspondences in situations
where only one space may not provide features that can be distinguishable with
the sensitivity of the sensor. This allows also to overcome the problem of noise,
outliers, missing data and large deformations. The method is based on the
Coherent Point Drift and generalizes the registration to multiple spaces (e.g.
location, orientation, topography) simultaneously making use of many spaces
to evaluate the correspondences. In the objectives, a evaluation of the method
is proposed making use of the data provided by general purpose RGB-D sensors,
it is, depth and colour information. Hence, a study of these two space inputs
have been done. In order to evaluate a specific case, it has been instantiated
the multiple spaces non-rigid registration for registering 3D point sets in the
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location space, making use of location and colour to evaluate the correspon-
dences. This has been coined as Colour Coherent Point Drift (CCPD). The
experimentation performed included three parts: synthetic simple models, syn-
thetic realistic models and real data. The simple models are those used in the
original CPD adding colour information (a fish and a face), the realistic ones
have been obtained using Blensor, and the real data has been acquired using a
Primesense Carmine RGB-D sensor. The first experimentation with a fish and
a face shape shows how the proposed method is able to overcome noise, outliers,
missing data and large deformations. To evaluate the outliers and missing data,
first the registered dataset Y is aligned to the target datasetX , this second with
outliers (data in X without correspondences in the registered set Y ), providing
similar result for both CCPD and CPD. Secondly, missing data evaluation has
been carried out by removing points in X, it is to have points in Y without
correspondences in X. In this evaluation, for the fish shape, CCPD is 4.82
times better than CPD in registration accuracy for 21.97% of missing data and
23.1 times better for 58.24% of missing data, and for the face CCPD is 24 times
better in average for all missing data tests than original method (2301% better
RMS error in alignment in average). For a large deformation evaluation, the
fish shape has registered a square shape with the fish, obtaining a 2209% better
alignment by CCPD than by CPD for the RMS error (23.1 times better). In the
case of the face, the large deformation moves the eyebrow upper while the rest
of face remains the same, which means to force a non-coherent movement in a
specific region. It has been visually evaluated with an outperforming of CCPD
over CPD. For realistic data experiments, two models have been evaluated, a
flower and a face. Both models have two deformations, one larger than the
other. The face changes the shape as expressions, then eyebrow, and mouth are
the regions that mainly deform, which can be studied as an elastic deformation.
The flower, performs the growth of some leaves, which can be seen as a free de-
formation due to the shape deforms changing the size and the topology as new
points appear in the deformation. One of the proposals to improve the quality
of the data provided to the registration algorithm, relies on a transformation
ΥS that samples the data using a specific feature (e.g. normals, colour, topog-
raphy). Moreover, this helps to reduce the number of points and improve the
processing time. To evaluate this transformation, five downsampling methods
have been evaluated with different characteristics. The methods include bilinear
interpolation, normal-based, colour-based, a combination of normal and colour,
and a GNG-based variant. The methods are visually evaluated, where bilinear
and GNG provide homogeneous data distribution, which is appropriate when
no specific features need to be enhanced. Nevertheless, colour-based provide
higher density of point in regions where the colour is not predominant in the



168 5.2. Contributions

model, which is useful if the colour is a distinctive characteristic. Normal-based
provides higher density of points in regions where the surface changes largely
(curvature of the shape). The combination, defined as CN-based, is a mixture
of both, providing higher density of points in regions where the colour and/or
curvature is distinctive (not homogeneous over the model). The CCPD has been
evaluated and compared to CPD using the data provided by the downsampling
methods. The results have been visually evaluated, showing more accurate reg-
istration for the proposed method in most cases. The models, for all data (each
downsampling method), are aligned not by the point distribution only, but also
with a coherence in the colour (similar colours are aligned together). The real
data includes three face deformations, from smaller to larger, returning more
accurate registration results for the proposed method. The deformations of
the models are better aligned by the CCPD because the flow of the points is
more similar and coherent to the expected (expectation by visual inspection),
by aligning the points regarding the shape and colour information.

5.2 Contributions

The main contribution of this thesis is the development of a methodology for
data registration of subjects and their deformations using 3D general purpose
sensors for data acquisition. This methodology includes the rigid and non-rigid
steps, as well as the scene adaptations to overcome the problems that can result
in wrong alignments. Briefly, the main contributions could be summarized as
follows:

• To rigidly register noisy and low detailed point clouds it, is has been devel-
oped a method that is able to register 3D point clouds accurately making
use of external planar models and a multi-view framework of subset of
views. The method find the correspondences and estimate the transfor-
mation making use of markers with large angle between the faces.

• To accurately estimate the planes that compose the planar markers, a
model-based method has been proposed. It uses kMeans, a novel RANSAC
based method that uses prior knowledge to obtain a set of planes from a
noisy point cloud, fitting the points and the constraints defined by the
model of the marker.

• Regarding the non-rigid registration, the main contribution has been to
develop a generic method for non-rigidly register multiple input spaces
simultaneously combining various spaces in the correspondence estimation
step. Moreover, a study of all combinations of two inputs, colour and



Chapter 5. Conclusions 169

location, has been done, providing a instantiation of the generic method
for registering 3D location using colour and location in the correspondence
matching.

5.3 Future work

Regarding the future works, the MME proposal is going to be extended for using
non-planar models generalizing the implementation of it in more situations such
as spheric shapes, combination of various models (e.g. cylinders where spheric
plus planar models appear). Moreover, a parallelization of the core is going to
be carried out to improve the execution time.

The rigid registration µ-MAR is going to be studied varying the markers.
With other markers as the double pyramid, a lower and upper view can be
done because it has planes oriented at many angles. With this improvement,
some objects with self-occlusions cloud be reconstructed with higher definition.
Moreover, an extension of the proposal for general scenes where any plane could
be present in the scene is going to be studied, such as rooms or corridors recon-
struction.

For the non-rigid registration study, the evaluation of different spaces will
be done. Firstly, including the colour and location in the different parts of the
registration process (correspondence estimation and registration displacement)
following the different combinations presented in the thesis, such as registering
colour as well as shape for morphing purposes or lightning differences correc-
tion. Secondly, the evaluation of different spaces that colour and location will
be done, such as topology or orientation. Additionally, a patch (i.e. connected
components with a specific feature in common) solution to improve the regis-
tration will be carried out. With this, we expect to improve even more the
registration as more information is taken into account.

Following the general scheme of artificial vision systems, I propose to con-
tinue forward to the stage of analysis. Concretely, the analysis of the defor-
mations using vector directions and magnitudes of displacement to be able to
estimate measurements of the change. For example, abnormal deformations,
asymmetrical deformations, evolution of the deformation from small changes to
large ones, etc.

In the application level, the proposals would be brought to problems such
as the analysis of a plant growth. With the rigid registration technique the
alignment of view in various moments of the life of a plant, and with the non-
rigid to estimate the growth between acquisition moments for, for example,
study of effects of different fertilizers. Moreover, in health area, the proposals
want to be implemented to estimate body changes due to the growth or a diet
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process. Other aim of interest could be to estimate abnormal evolution of baby
heads to anticipate problems.
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Appendix A

Resumen

A.1 Contexto de la tesis y objetivos

El proyecto presentado en este documento se enmarca en el análisis de situacines
realistas mediante visión por computador, en la línea de mi grupo de investi-
gación (I2RC) del Departamento de Tecnología Informática y Computación. La
visión por computador es un área reconocida y ampliamente estudiada en el
área de ciencia de la computación. Pero, a pesar de los esfuerzos realizados
por la comunidad científica para resolver los problemas que pueden darse en las
diferentes situaciones, aun quedan muchos problemas por resolver.

En el caso de esta tesis, se lleva a cabo el análisis de sujetos en 3D y sus
deformaciones en escenarios realistas, continuando con los modelos presentados
anteriormente por mis directores en [Fuster Guilló, 2003] y [Azorín López, 2008]
que trataban problemas en imágenes 2D en situaciones reales/adversas.

El proceso de estudio de formas en 3D y las deformaciones asociadas a lo
largo del tiempo mediante visión por computador supone la unión de diferentes
aspectos. El proceso habitualmente se compone de tres pasos principales: la
adquisición, el registro y el análisis posterior. Cada una de estas fases es crítica
para obtener un resultado final aceptable. La Figura A.1 presenta un esquema
del proceso, donde el primer paso es la adquisición que está vinculado al sensor,
la escena y el sujeto a analizar. A continuación está el registro, el cual se en-
carga de alinear los datos de forma que puedan identificarse las transformaciones
necesarias para obtener una reconstrucción final adecuada. Este paso puede di-
vidirse en dos partes, la primera referene al registro rígido que transforma los
datos de forma afin para alinearlos todos en un mismo sistema de coordenadas.
La segunda parte se refiere al registro no rígido, que alinea los datos de forma
independiente, y permite analizar cambios en la forma. Por último está el análi-
sis, que hace uso de los datos anteriores para extraer información útil segun el
proposito específico (e.g. evaluar el tamaño del sujeto, clasificar los datos,...).
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REGISTRATION

Rigid 
Registration

Non-Rigid 
Registration

ACQUISITION ANALYSIS

Figure A.1: Esquema general del sistema 3D. Incluye la adquisición, el registro
y el análisis

Dependiendo del problema se deben considerar diferentes requerimiento en
los tres pasos anteriomente mencionados. Concretamente, y haciendo una breve
introducción a la parte que va a tener el foco de atención en los objetivos de
la tesis, la adquisición es la parte más importante, ya que el resto del sistema
dependerá de los datos que de ahí se provean. Teniendo en cuenta la apli-
cación final, la dependencia sobre esa aplicación va de menor a mayor desde
la adquisición hasta el análisis. El proposito de la aplicación puede indicar los
requerimientos de la adquisición definiendo las características a estudiar, y por
lo tanto la sensibilidad para percibirlas. Sin embargo, no define de forma conc-
reta el sistema de adquisición ya que se pueden utilizar distintos métodos (i.e.
diferentes sensores, entornos...) siempre que se perciban las características a
estudiar. El paso de registro está más relacionado con la aplicación debido a
que la información que se provea al siguiente paso debe tener la calidad y forma
(forma en terminos del proposito a analizar, forma del sujeto, forma de la de-
formación...). Por último, el analisis es altamente dependiente de la aplicación
debido a que en este paso se estudiará y proveerá información útil de los datos
previamente tratados, y estos datos útiles son los que vienen determinados por
la aplicación.

En el proceso de adquisición intervienen diferentes factores que están rela-
cionados con el sensor, el entorno y el sujeto. En primer lugar, el sensor se ve
afectado por diferentes magnitudes como distancia focal, zoom, diafragma, cali-
brado de los parámetros para extraer la imagen, etc. En segundo lugar tenemos
el entorno. Las magnitudes del entorno son aquellas que relacionan todos los
elementos del sistema, ya sea distancias entre objetos, distancia entre el sensor
y el objeto de interes, nivel de iluminación, punto de vista, etcetera. Un sensor
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tiene un rango de actuación adecuado, por lo que es importante adaptar todo
el entorno para que el sujeto sea adquirido en la zona de máxima sensibilidad.
Otro aspecto a tener en cuenta es el punto de vista, ya que a menor ángulo del
objeto respecto al punto de vista del sensor, más dificultad existe para poder
extraer la forma en tres dimensiones.

Por último tenemos el sujeto u objeto. Este se caracteriza por su forma,
color, tamaño, reflectancia, entre otros. La forma puede acarrear diversos prob-
lemas que deben ser tenidos en cuenta, como por ejemplo oclusiones producidas
por la forma del objeto, como el caso de plantas donde las ramas se solapan
unas a otras. El tamaño es critico en relación a la sensibilidad de la cámara, ya
que detalles pequeños o demasiado grandes pueden no ser detectados de forma
precisa. El color también es un aspecto crítico, ya que técnicas para obtener el
3D basadas en tecnología estéreo necesitan datos de color para poder extraer
correspondencias. En el caso de las superficies especulares del sujeto, estas
pueden conllevar problemas para ser analizadas. Esto último es el estudio de
Jorge Azorín en [Azorín López, 2008].

Teniendo en cuenta lo anterior, es necesario elegir el sensor adecuado que
cumpla de la mejor forma los requerimientos (coste, precisión, portabilidad,...).
El objetivo de esta investidación es proponer una metodología para la recon-
strucción de sujetos en 3D y sus deformaciones en condiciones de adquisicion
realitas, se requiere un sensor que permita la evaluación de la propuesta. Conc-
retamente, los sensores de proposito general RGB-D proveen una sensibilidad
que se adapta a un amplio abanico de aplicacioes (i.e. la sensibilidad es ade-
cuada para los requerimientos de las aplicaciones). Sin embargo, la sensibilidad
no está optimizada para un caso en particular. Por lo tanto, es sensillo evaluar
la metodología en situaciones adversas utilizando sujetos que hagan trabajar al
sistema en los limites de su sensibilidad (i.e. donde las caracterísiticas de los
sujetos no puedan ser percibidas de forma particular). Además, estos sensores
encajan en los requerimientos de un gran número de aplicaciones en terminos
de flexibilidad, portabilidad, coste económico entre otros. Por lo tanto, han
sido ampliamente utilizadas por la comunidad científica [Shao et al., 2014] lo
que además ha motivado su elección dado que una mejora en su uso aportará
conocimiento que beneficiará a la comunidad científica.

Existen varios tipos de sensores que pueden ser divididos en: de contacto,
que estiman la forma tocando el sujeto; y sin contacto, que estiman la forma
del sujeto desde la distancia. En esta tesis se hace uso del segundo grupo, por
brindar un mayor número de posibilidades. Dentro de esta categoría podemos
hacer una subdivisión de cinco tipos de sistemas que aparecen en la bibliografía
como técnicas de adquisición 3D sin contacto.



178 A.1. Contexto de la tesis y objetivos

• LIDAR. Laser Illuminated Detection And Ranging es una tecnología activa
en la cual se proyecta un laser sobre la escena y se analiza la reflexión para
determinar la distancia, y por lo tanto, la forma de la escena [Schwarz,
2010]. Tienen carencia de información de color mayoritariamente. Las
mejoras para incluir el color requiren del calibrado entre cámaras y su
coste es prohibitivo.

• Time-of-flight (ToF) o tiempo de vuelo. Proyectan un haz de luz e infieren
la distancia con la diferencia temporal entre la emisión y la recepción del
rayo [Foix et al., 2011, Cui et al., 2010]. Tiene problemas similares a la
categoría anterior ya que solo proporcionan información de profundidad.

• Cámaras estéreo. Las cámaras estereo son una tecnología pasiva que uti-
liza dos o más sensores calibrados para estimar la información de pro-
fundidad calculando la disparidad entre las imágenes de cada cámara, y
conociendo los parámetros del sistema, estimar la distancia [Lazaros et al.,
2008]. Su capacidad de portabilidad es limitada ya que requiren de un cal-
ibrado preciso para maximizar su exactitud, lo que hace que si se requiera
de desplazamiento sea conveniente recalibrar el sistema. Además requieren
de superficies con textura para obtener la disparidad entre las imágenes.

• Luz estructurada. Es una tecnología activa que proyecta un patrón cono-
cido en la escena y calcula la disparidad entre el patrón original y el
percibido. La distancia se calcula mediante los parámetros de calibrado
y la disparidad percibida [Salvi et al., 2004, Salvi et al., 2010, Herakleous
and Poullis, 2014]. Se requiere un patrón que se adapte a las necesidades,
tanto en forma (puntos, líneas verticales, horizontales...) y en el espectro
de luz en el que se mueve (infrarojo, color visible...) ya que si el patrón es
del mismo color que la escena no será perceptible.

• Cámaras RGB-D de proposito general. Estos sensores combinan diferentes
técnicas para proporcionar de forma semi-simultánea color y profundidad.
Se caracterizan principalmente por el bajo coste y la portabilidad [Lai
et al., 2013, Khoshelham and Elberink, 2012, Henry et al., 2012]. Debido
a su gran uso se ha creado una nueva categoría para definirlos. Se car-
acterizan por su bajo coste, proveer color y profundidad, su portabilidad
entre otros aspectos. Khoshelham y Elberink [Khoshelham and Elberink,
2012] estudiaron la exactitud los sensores Microsoft Kinect. Varios tra-
bajos han revisado algoritmos propuestos y aplicaciones haciendo uso de
sensores RGB-D [Han et al., 2013, Morell-Gimenez et al., 2014, Shao et al.,
2014].
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Tras la adquisición, y siguiendo el esquema general del proceso de estudio de
sujetos en 3D, se necesita alinear todas las vistas tomadas del sujeto a analizar.
Generalmente se denomina registro. Dependiendo de la naturaleza de la trans-
formación necesaria para alinear los datos, se pueden clasificar el: registro rígido
o no rígido [Tam et al., 2013]. En cada grupo, se puede subdividir categorías
como: grueso/fino, denso/disperso, no rígido isométrico, no rígido libre (free-
form),...

Para el caso del registro rígido, siguiendo la clasificación de Salvi [Salvi et al.,
2007], los métodos de registro rígido se pueden clasificar como gruesos o finos. La
principal diferencia es la exactitud del resultado que proporcionan. El registro
grueso esta orientado a proporcionar un alineamiento inicial, con una exactitud
baja para ese conjunto de datos pero con un tiempo de respuesta menor que en
el caso de los finos. Normalmente utilizan un subconjunto de todos los datos
(datos muestreados, o datos característicos), por lo que también se denominan
métodos esparcidos (sparse methods en inglés) o basados en caracterísitcas.
Random sample consensus (RANSAC) [Fischler and Bolles, 1981] es uno de los
métodos más utilizados para el registro grueso basado en caracterísitcas y que
sigue utilizandose actualmente [Díez et al., 2015]. Los métodos de registro fino
están orientados a proporcionar el alineamiento con la mayor exactitud posible.
Sin embargo, requieren de un mayor tiempo de cómputo. Normalmente utilizan
todos o la mayoría de datos, y muchas veces requieren de un pre-alineado para
no caer en un mínimo local. El método Iterative Closest Point (ICP) [Besl and
McKay, 1992, Rusinkiewicz and Levoy, 2001] es el más utilizado para registro
fino. Se han propuesto muchas variantes para mejorar su rendimiento frente a
ruido y valores atípicos.

Para el caso del registro no rígido, hay muchos conceptos a tener en cuenta
[Tam et al., 2013]. El registro no rígido o deformable incluye registro basado
en esqueleto o isométrico [Zhang et al., 2008], donde se conserva la topología
y las distancias (e.g. huesos); el registro elástico donde las distancias pueden
variar pero la topología se mantiene (e.g. un globo al hicharse); y por último
deformaciones libres, donde puede variar tanto la topología como las distancias
(e.g. el crecimiento de un sujeto). Uno de los métodos más utilizados y sobre
el que se han propuesto muchas variantes es el Coherent Point Drift (CPD)
propuesto por Myronenko et al. en [Myronenko and Song, 2010, Myronenko
et al., 2007]. Este método hace un registro deformable de nubes de puntos
utilizando modelos mixtos gaussianos y técnicas de Expectation-Maximization.

El último paso en el sistema es el análisis. En él, los datos resultantes de
los pasos anteriores se estudian para extraer la información requerida por la
aplicación. Por ejemplo, si la aplicación es de representación de sujetos, tras
la adquisición y el alineamiento, el análisis estraerá el modelo geométrico de la
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superficie con los puntos. Sin embargo, si la aplicación se centra en proporcionar
medidas de la forma, en el análisis se extraerán tamaños, volumenes y otros
valores requeridos por la aplicación.

La tesis presentada en este documento no se centra en ninguna aplicación
específica. Por lo tanto, los problemas o propuestas no se definirán por un
sujeto de interés, el sensor a utilizar, las condiciones del entorno o la exactitud
esperada. El problema vendrá definido de forma genérica, y se adaptará a
los requerimientos de cada posible aplicación, i.e. los elementos del sujeto de
estudio, la sensibilidad del sensor para percibir estos elementos y el entorno en
el que se lleva a cabo la adquisición. Así, en el paso de registro, no clasifico
el nivel de exactitud en el registro dependiendo del tamaño del sujeto, sino en
las características utilizadas para estimar la transformación. En otras palabras,
si se requiere registrar varias vistas de una habitación para el guiado de un
robot, se podría clasificar con baja exactitud del registro en el caso de que
la aplicación fuera par moverse por la casa, mientras que se podría clasificar
como alta exactitud si el objetivo fuese pintar las pareces. Otro ejemplo podría
ser el estudio de los cambios en una expresión facial, donde se podría requerir
menor exactitud si la expresión se analiza de forma global (cejas, boca), que si
se estudian los cambios en las arrugas de la cara. Por lo tanto, la metodología
propuesta se adaptará e instanciará para el problema específico.

A.1.1 Objectivos

Para representar sujetos a partir de datos visuales, la calidad de los datos pro-
porcionados por el sistema es un aspecto crítico. Por lo tanto, se ha hecho una
revisión de las partes principales del proceso de adquisición y registro de datos.

Tras el análisis del estado del arte en sistemas de visión por computador
para registro incluyendo deformaciones, es posible encontrar areas en las que se
necesita proporcionar soluciones para ciertos problemas. Las técnicas actuales
presentan problemas relacionados con la relación entre la sensibilidad del sensor
y el cálculo de correspondencias. Tanto registro rígido como no rígido sufren
problemas en situaciones adversas que necesitan ser solventados. Situaciones
adversas se definen en el contexto del registro como aquellas situaciones donde
la sensibilidad del sensor no puede proporcionar características distintivas del
sujeto para estimar la tranformación requerida para alinear las vistas, situación
que degenera en presencia de ruido, falta de datos o datos atípicos.

El principal objetivo de esta tesis es proporcionar una metodología para
obtener el registro 3D de sujetos y sus deformaciones en situaciones adversas.
Debido a que la metodología no está restringida por ninguna aplicación o especi-
ficación del sistema, la propuesta se ha de concebir como una solución general
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para proporcionar soluciones al registro en situaciones adversas. Para llevarlo
a cabo, las soluciones se centran en mejorar la exactitud del registro (i.e. la
cercanía entre las transformaciones obtenidas por el método frente a las trans-
formaciones reales sufridas en el proceso de adquisición), actuando sobre los
elementos que se incluyen en el sistema de adquisición independientemente del
proposito final. Para esta generalización el sensor debe ser flexible, portable,
proveer color y forma, proporcionar datos con un ratio de imágenes algo y que
tenga un coste monetario asequible. Por ello, se han elegido las cámaras de
proposito general RGB-D, como la Microsoft Kinect, como dispositivo de en-
trada para evaluar la propuesta. Estos dispositivos tienen una sensibilidad apta
para un amplio rango de problemas de visión. Esto es, la sensibilidad del sis-
tema no es tan elevada como la de otros sensores para propositos específicos,
pero suficiente para muchas tareas. Además, hoy en día muchos trabajos de
investigación hacen uso de estos dispositivos, lo que significa que una contribu-
ción es este ámbito beneficiaría a la comunidad científica. A pesar de la elección
de este tipo de dispositivos para la evaluación de la metodología, cualquier otro
sensor podría ser utilizado como entrada de datos debido a que las soluciones
propuestas no se restringen a un tipo de dispositivos, sino que proponen ajustes
que mejoran la percepción final para el proceso de registro.

El principal objetivo de esta tesis se subdivide en dos sub-objetivos más
concretos:

• Desarrollar y evaluar un método de registro rígido para mejorar la rep-
resentación de models 3D sin restricción de forma en situaciones adver-
sas. Para ello, se desarrollará una técnica basada en modelo para re-
ducir el efecto del ruido en datos de baja calidad (sensibilidad, ruido,
etc.). Además, se enmarcará el método desarrollado en una técnica de
multi-vista, ya que ha demostrado capacidades de mejora frente a pro-
cesos iterativos de registro. Con este objetivo, pretendo proporcionar un
alineamiento de puntos que puedan solventar problemas de registro rígido
de escenas donde métodos tradicionales fallen porque el sistema no puede
proporcionar características fiables para las correspondencias, que se dan
principalmente por el nivel de sensibilidad.

Se proponen un conjunto de test para la evaluación del objetivo planteado.
A pesar de que el objetivo se enfoca en proporcionar un método general sin
restricción de la aplicación final, el test propuesto para la evaluación podría
corresponder con una posible aplicación, concretamente la reconstrucción
de objetos pequeños que pueden considerarse como situacion adversa ya
que sus características pueden no distinguirse por el sensor. Estos test se
compondrán de dos partes principales: primero, se utilizarán un conjunto
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de datos sintéticos para corroborar que la propuesta proporciona los datos
esperados para datos sin y con ruido (en diferentes niveles). En segundo
lugar, se hará una evaluación del método en situaciones reales utilizando
datos adquiridos con un sensor de proposito general RGB-D. Para el caso
de los datos sintéticos, propongo utilizar objetos simples que permitan
evaluar cuantitativamente el registro. Para los datos reales, se utilizarán
objetos de distintas características (e.g. geometría, color, tamaño) para
evaluar las capacidades en diferentes situaciones. Además, debido a que
los sensores de proposito general RGB-D perciben comunmnete cambios
en profundidad en el orden de los 5 mm aproximadamente, los objetos
tendrán un tamaño de características del orden de milimetros para evaluar
el comportamiento del método en los límites de la sensibilidad del sensor.
Además, se propone hacer un análisis comparativo con varios métodos del
estado del arte.

• Desarrollar y evaluar un método de registro no rígido para percibir las
deformaciones de sujetos 3D sin restricción de forma en situaciones ad-
veresas. Para llevarlo a cabo, se desarrollará un marco de trabajo general
que hace uso de todos los datos de entrada proporcionados por el sis-
tema de adquisición. Por lo tanto, debido a la variabilidad de la entrada,
la propuesta tendrá en cuenta la falta de datos, oclusiones, modelos par-
ciales, modelos imperfectos de la adquisición o procesos previos al registro,
ruido, etcetera. Además, se concebirá para trabajar sin restricción del tipo
de deformación para ser generalizable y no dependiente de restricciones
previas (e.g. tolopogía, nivel de deformación, etc.).

Para la evaluación del objetivo propouesto, se propondran un cojunto de
test de la misma forma que en el objetivo anterior. En este caso, al igual
que en el anterior, la propuesta se centra en el desarrollo de un método
sin asumir ninguna aplicación concreta. Sin embargo, la evaluación se
llevará a cabo con el punto de vista de una posible aplicación, como el re-
conocimiento de expresiones o la evolución del crecimiento de plantas. Los
datos utilizados inluirán profundidad y color, ambos espacios que propor-
cionan los sensores de proposito general RGB-D. Con estos dos espacios,
propongo evaluar el uso de varios espacios de forma simultánea en el reg-
istro no rígido para mejorar la calidad del registro frente al uso de un solo
espacio de entrada. Concretamente, se proponen dos experimentaciones
principales. En primer lugar, un conjunto de test con datos sintéticos que
permitirán evaluar el método propuesto en varias situaciones controladas
de ruido (distintos niveles de ruido), datos atípicos, distribuciones de los
distintos espacios, etc. En segundo lugar, se utilizarán datos reales pro-



Appendix A. Resumen 183

porcionados por un sensor de proposito general RGB-D para evaluar el
método en condiciones reales. Todos los test se evaluarán con un método
ampliamente utilizado en estado del arte, el Coherent Point Drift, para
analizar los resultados y proporcionar una comparativa de ambos.

A.2 Adquisición: Multiplane Model Estimation

En este capítulo se propone un método para solventar problemas de registro
rígido en situaciones adversas. Para ello se propone modificar el entorno en
el que se lleva a cabo la adquisición, introduciendo elementos que amplien la
diferencia entre las características perceptibles de la escena. Concretamente, se
propone utilizar marcadores tridimensionales formados por planos y con grandes
ángulos entre las caras. Con estos marcadores se consigue distinguir los difer-
entes puntos de vista que corresponden a cada adquisición, permitiendo sacar
correspondencias. Además, se propone extraer el modelo de los planos que de-
finen las caras de los marcadores para minimizar el efecto del ruido, valores
atípicos y falta de datos.

En el Capítulo 2 se propone un método para estimar modelos a partir
de puntos en el espacio, maximizando la exactitud de los modelos utilizando
conocimiento previo. El método propuesto se centra en extraer modelos planares,
denominado Multiplane Model Estimation (MME), el cual utiliza restricciones
para estimar los planos. El método está dividido en dos partes principales (ver
Figura A.2): Point Cloud Clustering (PCC), donde se agrupan los puntos uti-
lizando el método kMeans y árboles de busqueda; y Multi-Constraint RANSAC
(MC-RANSAC), una variante de RANSAC para estimar los models utilizando
información del objeto real para mejorar la exactitud del modelo final. PCC
primero agrupa los puntos utilizando la información de localización espacial y
las normales mediante kMeans, a continuación une los grupos cuya orientación
es similar, y por último utiliza las restricciones para rechazar aquellos grupos
que no cumplen las características del objeto real. MC-RANSAC utiliza los gru-
pos provistos por PCC para extraer los planos. Primero utiliza un subcojunto
de puntos de cada grupo para obtener un modelo planar inicial, a continuación
propongo introducir un paso en el que se validen las restricciones (en el caso
particular de esta tesis los angulos entre las caras). Si todos los planos cumplen
las restricciones, se analizan los puntos restantes de cada grupo si cumplen o no
las restricciones del modelo.

Es importante destacar que la propuesta se puede adecuar a N-dimensiones,
ya que kMeans y RANSAC estan orientados a ser N-dimensionales. En esta
trabajo en particular se estudian planos, pero la propusta es generalizable a
cualquier modelo.
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Figure A.2: Esquema general del proceso del MME. Dadas dos entradas, los
puntos y las restricciones, primero se agrupan los puntos en el PCC y a contin-
uación se extraen los planos en el MC-RANSAC

La experimentación para validar la propuesta se ha llevado a cabo en difer-
entes partes. En primer lugar se evalúa el PCC con datos sintéticos (obtenidos
con el Blensor [Gschwandtner et al., 2011]) mostrados en la Figura A.3 y reales
(adquiridos con un sensor RGB-D Microsoft Kinect) mostrados en la Figura A.4,
para tres objetos distintos y diferentes puntos de vista. Por otro lado se evalúa
el MC-RANSAC con los datos proporcionados por PCC mostrado en la Figura
A.5. En este anexo se muestra un resumen de los datos, pero en el Capítulo 2
se detalla la experimentación cuantitativa y cualitativa llevada a cabo.

A.3 Registro rígido: MUltiplane 3D MArker based
Registration

Siguiendo la propuesta del Capítulo anterior para mejorar el registro en situa-
ciones adversas añadiendo elementos al entorno que permitan distinguir los difer-
entes puntos de vista, en el Capítulo 3 se propone un método de registro rígido
que hace uso de marcadores 3D para alinear diferentes vistas de forma precisa.
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Figure A.3: Resultado del PCC para los objetos sintéticos con niveles de ruido
gausiano con sigma = 4 · 10−5 y sigma = 6 · 10−5.

Figure A.4: Resultado del PCC para los objetos reales obtenidos con una Mi-
crosoft Kinect

El método propuesto MUltiplane 3D MArker based REgistration (µ-MAR),
se divide en tres pasos principales (Figura A.6): Multiple Model Estimation
(Capítulo A.2); registro de los marcadores; y finalmente el registro del objeto
de interés.

El segundo paso del esquema general presentado en la Figura A.6 es la prop-
uesta de este capítulo, el µ-MAR, para el registro rígido de objetos formados
por planos. Para proporcionar resultados más exactos, se enmarca la propuesta
de registro en técnicas multi-vista, propuestas por Pulli en [Pulli, 1999]. Se basa
en registrar varias vistas al mismo tiempo en vez de parejas de vistas. Para ello
se estima un modelo sobre el que registrar, que puede ser una vista, una media
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Figure A.5: Resultado del MC-RANSAC para los datos sintéticos

de vistas, o cualquier funcion que provea un dato sobre el que alinearse. A
continuación se calcula la transformación y se registran las vistas. Ese modelo
se recalcula iterativamente para afinar el resultado. En el caso particular de
µ-MAR se hace un registro de un subconjunto de vistas, de las cuales una será
el dato a registrar y el resto se utilizarán para hacer una media y determinar el
modelo objetivo. Una vez registrada la vista, se cambia dentro de ese subcon-
junto la vista dato a registrar y se vuelve a recalcular el modelo objetivo con el
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Figure A.6: Esquema general del µ-MAR. Los rectángulos definidos con guiones
representan pasos previos. El núcleo del método propuesto se divide en extraer
los planos utilizando el MME, registrar los marcadores, y finalmente registrar
el objeto.

resto. De esta forma poco a poco todas convergen a un punto de alineamiento.
Este subconjunto cambia una vez registradas las vistas del mismo.

El registro por modelo presentado en este capítulo tiene varias fases: deter-
minar el modelo objetivo como media de las vistas que no son el dato; calcular
la rotación utilizando las normales; calcular la traslación mediante la proyección
de los centroides del dato sobre los planos del modelo; y el alineamiento final. La
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Figura A.7 muestra el proceso de forma gráfica en una iteración del multi-vista.
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Figure A.7: Representación general del flujo dentro de una iteración del multi-
vista

Además, debido a que se aplica la técnica de multi-vista a un subconjunto de
vistas, se propone mantener una estructura global que permita ir reajustando
aquellas vistas que acaban de ser registradas, con el conjunto de las que anteri-
ormente lo han sido. De esta forma se pueden reajustar caras de los marcadores
que han desaparecido por el punto de vista y han vuelto a parecer varias tomas
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después. Evitando así errores por propogación que se van acumulando a lo largo
del registro.

La evaluación del método propuesto µ-MAR se ha llevado a cabo en dos
partes principales. En primer lugar se utilizan datos sintéticos proporcionados
por Blensor [Gschwandtner et al., 2011]. Se han utilizados tres objetos simples
que permiten estudiar de forma cuantitativa el resultado. En este anexo se
muestra un resumen de los datos, mientras que en el Capítulo 3 se hace un es-
tudio detallado. Las Figuras A.8, A.9 y A.10 muestran el resultado del registro,
mostrando en las dos primeras columnas el resultado del método propuesto y en
la segunda el resultado del método ICP. La tercera y cuarta columnas muestran
la distancia de Hausdorff donde el color rojo significa mayor distancia (peor
registro) y el azul menor distancia (mejor registro). Las columnas muestran
distintos niveles de ruido gausiano (sigma = 0, 4 · 10−6, and 6 · 10−6).

Con datos reales se han evaluado distintos métodos de registro rígido y se
han evaluado con inspección visual. Los resultados se muestran en la Figura
A.11 (en el Capítulo 3 se muestran los resultados en mayor tamaño para mejorar
su visualización).

A B C D

Figure A.8: Resultado del cubo. La primera columna muestra el resultado
del método propuesto y la segunda el resultado del ICP. La tercera y cuarta
columna muestran la distancia de Hausdorff del método propuesto y del ICP
respectivamente. Las filas muestran distintos niveles de ruido.
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A B C D

Figure A.9: Resultado de la pirámide. La primera columna muestra el resultado
del método propuesto y la segunda el resultado del ICP. La tercera y cuarta
columna muestran la distancia de Hausdorff del método propuesto y del ICP
respectivamente. Las filas muestran distintos niveles de ruido.

A.4 Registro no rígido: Colour Coherent Point
Drift

En este capítulo se tratan las deformaciones sufridas por el sujeto a analizar.
Para ello se propone introducir nueva información de entrada para así mejorar
la adquisición, permitiendo de esta forma distinguir características de forma
precisa. Así se mejora el cálculo de correspondencias entre vistas para poder
posteriormente estimar la transformación que alinee los datos.

Para el registro no rígido se generaliza el Coherent Point Drift [Myronenko
and Song, 2010, Myronenko et al., 2007] (CPD), que modela el conjunto de
puntos a alinear como un Modelo Mixto Gaussiano, y haciendo uso de técni-
cas de esperanza-maximización (Expectation-Maximization) se recalculan los
parámetros del modelo mixto para ir alineandolo con respecto al conjunto de
puntos objetivo. En el caso propuesto en este capítulo, se extiendo este método
para que sea capaz de registrar multiples espacios haciendo uso de diferences
espacios de entrada en el cálculo de las correspondencias.

Además, se hace un análisis de las diferentes combinaciones posibles uti-
lizando dos conjuntos de entrada, concretamente color y forma, que son los
proporcionados por los sensores de proposito general RGB-D. Esta combinación
se instancia para el caso de registrar la forma utilizando en el cálculo de las
correspondencias el color y la forma, denominado Colour Coherent Point Drift
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A B C D

Figure A.10: Resultado de la doble pirámide. La primera columna muestra el
resultado del método propuesto y la segunda el resultado del ICP. La tercera y
cuarta columna muestran la distancia de Hausdorff del método propuesto y del
ICP respectivamente. Las filas muestran distintos niveles de ruido.

(CCPD).

Para evaluar la propuesta del CCPD se proponen tres experimentos princi-
pales. En este anexo se muestra un resumen de la experimentación llevada a
cabo, mientras que en el Capítulo 4 se detallan los distintos test realizados. El
primer experimento se lleva a cabo con formas sintéticas sencillas, obtenidas del
artículo original del CPD, un pez y una cara. A ellas se les ha añadido color.
El resultado se presenta en la Figura A.12 donde la primera columna muestra el
origen, la segunda el objetivo, la tercera el CCPD y la cuarta el CPD. A contin-
uación se ha llevado a cabo dos experimentaciones con datos sintéticos realistas,
en concreto una cara y una flor. Estas figuras se han deformado y obtenido con
el Blensor [Gschwandtner et al., 2011]. La experimentación ha evaluado por un
lado distintos métodos de muestreo, y a continuación el registro llevado a cabo.
El resultado se muestra en las Figuras A.13 y A.14. Los datos reales adquiridos
con un sensor de proposito general RGB-D Primesense Carmine se muestran en
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a)

b)

c)

d)

e)

f)

Figure A.11: Resultado del registro rígido con datos reales. De la primera
fila a la última se presenta el RANSAC con características SIFT, el ICP, la
combinación de RANSAC e ICP, el KinectFusion, el RGBDemo y por último el
método propuesto.

la Figura A.15.

A.5 Conclusiones y contribuciones

En esta tesis, se ha propuesto una metodología para la reconstrucción de sujetos
en 3D y sus deformaciones haciendo uso de sensores de propósito general RGB-
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X Y CCPD CPD

Figure A.12: Resultados del registro de datos sintéticos sencillos, el pez y la
cara. Las columnas representan de izquierda a derecha el origen, el objetivo, el
CCPD y el CPD.

D. Para definir los objetivos de la investigación, se ha llevado a cabo un estudio
del estado del arte centrándose en las diferentes áreas involucrados en el contexto
y la motivación de esta tesis. Se ha hecho un estudio del área de representación
3D para analizar los aspectos principales a tener en cuenta. De este estudio
surge la necesidad de proveer datos con calidad y completitud (refiriéndose a
huecos, y datos que cubran toda la superficie a estudiar) y exactitud (cercanía
de la forma descrita por los datos con el objeto real) suficiente para que permita
a los algoritmos de representación estimar el sujeto con la calidad requerida
por el problema. Además, se ha hecho una revisión de los principales tipos de
sensores 3D incluyendo la tecnología utilizada, las ventajas y desventajas de
cada categoría. Para validar los métodos propuestos, se han utilizado sensores
RGB-D de propósito general como dispositivos de entrada. Su sensibilidad es
apropiada para un amplio abanico de problemas, pero no está optimizada para
un caso en particular. Por lo tanto, la evaluación de la metodología puede
llevarse a cabo experimentando en situaciones en el límite de la sensibilidad.
Además, estos sensores son ampliamente utilizados en trabajos de investigación
debido a sus características (portabilidad, flexibilidad, bajo coste económico,
ratio de imágenes por segundo. . . ), por lo que esto puede ser beneficioso para
la comunidad científica.

Para proveer los datos necesarios para los métodos de representación, se han
de utilizar técnicas de registro para alinear las vistas tomadas desde los distintos
puntos de vista del sujeto. Considerando el registro rígido, se han propuesto
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Figure A.13: Resultado del registro no rígido para la cara con 1000 puntos de
muestreo. La primera fila corresponde con el CCPD y la segunda con el CPD.
Las columnas muestran los muestreos, de izquierda a derecha: bilineal, basado
en normales, basado en color, basado en normales y color, GNG.

Figure A.14: Resultado del registro no rígido para la flor con 1000 puntos de
muestreo. La primera fila corresponde con el CCPD y la segunda con el CPD.
Las columnas muestran los muestreos, de izquierda a derecha: bilineal, basado
en normales, basado en color, basado en normales y color, GNG.

diferentes aproximaciones para minimizar el efecto del ruido en el registro. Sin
embargo, aun sigue siendo un problema a solventar en situaciones donde la
sensibilidad no permite percibir correctamente las características del sujeto.
Algunos trabajos han estudiado el registro rígido utilizando cámaras RGB-D,
sin embargo normalmente dependen de técnicas de suavizado para mejorar la
calidad de los datos, y mayoritariamente reconstruyen objetos o escenas con
características cuyo tamaño es mayor que la sensibilidad del sensor. Los métodos
de registro no rígido, por otro lado, no han sido estudiados en tanta profundidad
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Figure A.15: Resultado del registro no rígido con datos reales, donde se levantan
las cejas. La primera fila muestra el CCPD y la segunda el CPD. Las columnas
son de izquierda a derecha el origen, el objetivo, el resultado y el flujo de los
puntos.

como los rígidos, siendo ahora un tema de interés. En este caso, la falta de datos,
el ruido y los datos atípicos, son problemas que afectan la calidad del resultado
del registro.

Tras el estudio del estado del arte, se ha definido el principal objetivo de
la tesis, que es el desarrollo y evaluación de una metodología para el registro
de sujetos en 3D en situaciones adversas. Esta metodología provee los pasos y
transformaciones de los elementos que se incluyen en el sistema de adquisición,
para mejorar la exactitud del registro en condiciones adversas independiente-
mente de la aplicación, lo que permite ser general para un amplio abanico de
problemas. Las transformaciones propuestas actúan sobre los elementos que
forman parte del sistema de adquisición (sujeto de interés, sensor y entorno).
Se centran en dos aspectos principales: ajustar los elementos para permitir que
el sistema trabaje en el rango de máxima sensibilidad del sensor (ΥS); y el
acondicionamiento del sistema para permitir al sensor percibir las caracterís-
ticas a estudiar en el rango de sensibilidad por debajo del requerimiento del
problema (ΥC). Para ello, se han propuesto dos sub-objetivos: el desarrollo
y evaluación de un método de registro rígido para mejorar la representación
de sujetos 3D sin restricción de forma en situaciones adversas haciendo uso de
las transformaciones del objetivo principal; y el desarrollo y evaluación del un



196 A.5. Conclusiones y contribuciones

método de registro no rígido para percibir deformaciones libres de sujetos en 3D
sin restricción de forma en situaciones adversas mediante las transformaciones
del objetivo principal. Además, estos objetivos incluyen la experimentación para
el estudio de sus capacidades con datos sintéticos y reales.

Para proponer una metodología general, se ha desarrollado en la tesis un
Model de Visión Activa para problemas de registro en situaciones adversas,
presentado en el Capítulo 1. En esta propuesta se exponen los fundamentos de
los problemas de registro tanto rígido como no rígido. Este modelo instancia
el Modelo de Visión Activa definido inicialmente por Fuster Guilló en [Fuster
Guilló, 2003] y continuado por Azorín López en [Azorín López, 2008]. En él,
defino los elementos a tener en cuenta en el proceso de registro en situaciones
adversas. Además, propongo las transformaciones necesarias de los elementos
que contribuyen a la adquisición de los datos para mejorar el resultado final.

Siguiendo la propuesta formal anteriormente mencionada, se ha presentado
un método de registro rígido innovador para solventar el problema del alineado
de sujetos en sistemas de adquisición donde al sensibilidad no permite detectar
características fiables. Solventa el problema de la sensibilidad incluyendo en
el entorno nuevos objetos (transformación ΥC que transforma el entorno para
aumentar la distancia entremagnitudes de escena) que facilita el paso del cálculo
de correspondencias entre distintos puntos de vista de la cámara. Estos objetos,
denominados marcadores 3D, se utilizan también en el proceso de registro en
el cálculo de la transformación (rotación y traslación). Por lo tanto, deben
ser modelados con exactitud para proporcionar datos mejorados al proceso de
registro. Para ello, propongo una técnica innovadora para estimar el modelo de
objetos palares, denominado MME.

La técnica innovadora MME se presenta en el Capítulo 2. Hace uso de
conocimiento previo del objeto para calcular con exactitud los planos de las
caras que lo definen, incluyendo dos pasos, el agrupamiento de las caras y el
cálculo de los planos. El conocimiento del objeto se usa como restricciones
durante el proceso. Los grupos representan los puntos que pertenecen a cada
una de las caras del marcador, y se han obtenido con el método propuesto
Point Cloud Clustering (PCC), que usa kMeans y conocimiento previo. PCC
primero agrupa mediante los puntos y la información de las normales asociadas
a dichos puntos, tras lo que evalúa los grupos para unirlos y, finalmente, utiliza
el conocimiento previo para devolver los grupos que mejor se ajustan a las
restricciones. Tras el agrupamiento, se ha propuesto el método MC-RANSAC
para estimar con exactitud los planos de las caras que mejor se ajustan a los
puntos y a las restricciones. MC-RANSAC primero estima el modelo de los
planos de cada cara con un subconjunto de los puntos. Entonces, se evalúan las
restricciones (ángulos en este caso). Si los planos encajan en las restricciones,
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se obtienen los valores que se definen con el modelo (llamados inliers). Para
ello se evalúan los puntos que forman un modelo planar (tras ser incluido en
el subconjunto inicial) que respeten las restricciones. Si el número de inliers es
suficiente para considerar el modelo como descriptivo (i.e. este valor definido
por el problema en concreto), los planos se aceptan. La evaluación consideró
datos sintéticos y reales. Concretamente, se han evaluado tres objetos: un
cubo, una pirámide y una doble pirámide. Los datos sintéticos se han obtenido
utilizando Blensor y los daros reales han sido adquiridos con un sensor RGB-D
Microsoft Kinect. Además, la experimentación incluye ocho puntos de vista
diferentes para evaluar los objetos en diferentes situaciones. En el caso concreto
de los datos sintéticos, se han evaluado cuatro niveles de ruido Gaussiano (σ =
0, σ = 1 · 10−5, σ = 4 · 10−5 y σ = 6 · 10−5). La experimentación se ha
dividido en dos partes. La primera, se ha llevado a cabo la evaluación del PCC
concluyendo que el 96%, 64% y 54% de los puntos se han clasificado en grupos
que describen diferentes caras del modelo real. Los valores corresponden con
los tres niveles de ruido distintos de 0 comparados con los valores sin ruido.
En el segundo experimento, se ha evaluado el MC-RANSAC y comparado con
una variante denominada como variante RANSAC agrupado (C-RANSAC del
inglés clustered RANSAC). Ambos métodos utilizan los datos proporcionados
por PCC sin ruido, añadiéndoles el ruido a continuación para evaluar de forma
individual la estimación del modelo planar. En esta evaluación, se comparan
los resultados con la orientación de las normales por cada cara, mostrando el
error en grados. El método propuesto obtiene el error medio en el ajuste de la
orientación de los modelos calculados respecto al modelo real de 0.7425 grados
(0.3285 grados de desviación típica) mientras que C-RANSAC obtiene 2.7094
grados (1.7574 grados de desviación típica). Se ha llevado a cabo otro test para
evaluar el error en orientación de cada modelo respecto al modelo obtenido con
los datos sin ruido, en vez de como se hizo en el caso anterior comparando
con las restricciones del modelo. El error medio de MC-RANSAC es 1.8169
grados (0.9267 desviación típica), mientras que C-RANSAC obtiene un error
medio de 2.3611 grados (0.9717 desviación típica). Los resultados muestran
claramente que el método propuesto para estimación de modelos es capaz de
obtener resultados con mayor exactitud que los métodos del estado del arte para
diferentes objetos con diferente número de planos y puntos de vista.

Se propone un método innovador de registro rígido en el Capítulo 3. Este
método, acuñado como MUltiplane 3D Marker based Registration (µ-MAR),
hace uso de los marcadores 3D modelados (en el caso de esta tesis se utilizan
cubos) para solventar el problema del ruido y la baja sensibilidad del sensor en
determinados casos. Este método alinea las caras de los marcadores simultánea-
mente para finalmente transformar todo el entorno y reconstruir el sujeto de
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interés. Los planos se modelan con sus normales y los centroides. La rotación
se calcula utilizando las normales, alineándolas utilizando la rotación propor-
cionada por el método de análisis de Procrustes, concretamente la técnica de
Single Value Decomposition. La traslación se obtiene a continuación utilizando
la distancia entre la proyección de los centroides en el plano objetivo (sobre el
que se quiere registrar) correspondiente como centroide objetivo. Esta método
de proyección solventa el problema de planos que tienen los centroides en difer-
ente posición relativa en el plano real. Con los centroides de la cara a alinear y
los nuevos centroides objetivo, el desplazamiento medio se calcula como valor de
traslación. Todo este proceso se incluye en un marco de registro multi-vista que
alinea iterativamente un conjunto de n vistas. La experimentación se ha llevado
a cabo con datos sintéticos y reales. Los datos sintéticos han sido obtenidos con
el software Blensor, permitiendo validar la propuesta. Se presenta una evalu-
ación objetiva del método utilizando la distancia de Hausdorff, mostrando sus
buenos resultados. Concretamente, el error con la distancia de Hausdorff es de
0.6556 para µ-MAR utilizando el valor medio Mean (usando el valor medio de
las menores distancias en el cálculo de la distancia Hausdorff), y 6.1515 para
el ICP . En el caso de utilizar RMS para el cálculo de Hausdorff, el método
propuesto obtiene un error de 0.8958 de media de todas las pruebas realizadsas,
y 8.1154 para el ICP , concluyendo que µ-MAR está cerca de ser 10 veces mejor
de media que el ICP . Para los datos reales, se han obtenido cuatro objetos
diferentes con un sensor RGB-D Microsoft Kinect. El método de registro rígido
propuesto se ha comparado con métodos del estado del arte incluyendo ICP,
RANSAC, KinectFusion y RGBDemo, utilizando inspección visual para evaluar
debido a la falta de datos de máxima precisión (i.e. datos con el menor error
posible, en inglés ground truth), con los que comprar. El resultado de cada
método muestra los inconvenientes que presentan, y de forma general el método
propuesta µ-MAR obtiene los mejores resultados en exactitud de registro para
todos los objetos, mejorando los resultados de los métodos del estado del arte.

El segundo objetivo de esta tesis era el desarrollo y evaluación de un método
de registro no rígido. Concretamente, se propone un marco de trabajo multi-
espacio que combina varias entradas de datos para el proceso de registro, pre-
sentado en el Capítulo 4. Se propone la combinación de múltiples espacios para
solventar correspondencias en situaciones donde un solo espacio no provee car-
acterísticas que puedan ser distinguibles con la sensibilidad del sensor. Esto
además permite solventar problemas de ruido, datos atípicos, falta de datos
y grandes deformaciones. El método se basa en el Coherent Point Drift y
generaliza el registro para múltiples espacios (e.g. localización, orientación,
topología. . . ) simultáneamente haciendo uso de varios espacios en la evaluación
de las correspondencias. En los objetivos, se propone la evaluación del método
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con datos de sensores de propósito general RGB-D, es decir, información de color
y profundidad. Por lo tanto, se hace un estudio de estos dos espacios. Para la
evaluación concreta, se instancia el registro no rígido de múltiples espacios para
registrar puntos 3D en el espacio de localización, haciendo uso de localización y
color en el cálculo de correspondencias. A este método se le ha acuñado el nom-
bre de Colour Coherent Point Drift (CCPD). La experimentación incluye tres
partes: datos sintéticos simples, datos sintéticos realistas y datos reales. Los
datos simples son los utilizados en el artículo original CPD incluyendo informa-
ción de color (un pez y una cara), los datos realistas se han obtenido utilizando
Blensor, y los datos reales se han adquirido mediante un sensor RGB-D Prime-
sense Carmine. La primera experimentación con el pez y la cara muestran como
el método propuesto es capaz de manejar ruido, datos atípicos, falta de datos y
grandes deformaciones. Para evaluar los datos atípicos (outliers en inglés) y la
falta de datos (missing data en inglés) primero se registra el conjunto de datos
Y sobre el conjunto de datos objetivo X, este segundo con outliers (datos en X
que no tienen correspondencias en Y ), proporcionando ambos métodos CCPD y
CPD resultados similares. En segundo lugar, la evaluación de falta de datos se
ha llevado a cabo eliminando datos en X, obteniendo datos en Y sin correspon-
dencia en X. En esta evaluación, para el modelo pez, el CCPD es 4.82 veces
mejor que el CPD en exactitud de registro para un 21,87% de falta de datos (se
elimina ese porcentaje de los puntos del modelo) y 23.1 veces mejor para el caso
de 58,24% de falta de datos, y para el modelo cara el CCPD es 24 veces mejor
de media para todos los test de falta de datos que el CPD (2301% mejor en
error RMS de media en el alineamiento). Para la evaluación de grandes defor-
maciones, se ha registrado una forma cuadrada con el modelo pez, obteniendo
un mejor alineamiento del 2209% por el CCPD respecto del método original
en error RMS (23.1 veces mejor). En el caso de la cara, la gran deformación
mueve las cejas hacia arriba mientras que el resto de la cara se mantiene, lo que
significa forzar una no coherencia en el movimiento de una región especifica. Se
ha evaluado visualmente obteniendo un mejor alineamiento del CCPD respecto
al CPD. Para la experimentación de con datos sintéticos realistas, se han evalu-
ado dos modelos, una flor y una cara. Ambos modelos tiene dos deformaciones,
una mayor que la otra. La cara cambia la forma como una expresión, donde
las cejas, y la boca son las regiones que se deforman mayoritariamente, lo cual
puede ser analizado como deformaciones elásticas. La flor, se deforma como el
crecimiento de algunas hojas, lo cual se puede analizar como una deformación
libre ya que la forma se deforma cambiando el tamaño y la topología con la
aparición de nuevos puntos. Una de las propuestas para mejorar la calidad de
los datos proporcionados al algoritmo de registro, se lleva a cabo en la trans-
formación ΥS que muestrea los datos utilizando alguna característica específica
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(e.g. normales, color, tolopogía). Además, esto ayuda a reducir el número de
puntos y mejorar el tiempo de procesamiento. Para evaluar esta transformación,
se ha experimentado con cinco métodos de muestreo con diferentes caracterís-
ticas. Los métodos incluyen interpolación bilineal, basado en normales, basado
en color, una combinación de color y normales y una variante de la red GNG.
Los métodos se han evaluado mediante inspección visual, donde el bilineal y
la GNG proveen datos distribuidos de forma homogénea, lo que es apropiado
cuando no se requiere que sobresalga una característica específica. Sin embargo,
el basado en color provee mayor densidad de puntos en las regiones donde el
color no es predominante en el resto del modelo, lo cual es útil si el color es
una característica distintiva. El basado en normales provee mayor densidad de
puntos en las regiones donde la superficie sufre mayores cambios (mayor cur-
vatura de la forma). La combinación de los dos anteriores, denominada como
CN-based, provee mayor densidad de puntos en regiones donde el color y/o la
forma son distintivos (no homogéneos en el modelo). El CCPD se ha evaluado
y comparado con el CPD haciendo uso de los datos provistos por los méto-
dos de muestreo. Los resultados se han evaluado mediante inspección visual,
mostrando mejor exactitud del registro para el caso propuesto en la mayoría de
casos. La forma, para todos los datos (cada uno de los métodos de muestreo), se
alinean no solo con la distribución de los puntos, sino también con la coherencia
del color (colores similares son alineados). Los datos reales, por último, incluyen
tres deformaciones de caras, de menor a mayor deformación, obteniendo mejores
registros por el método propuesto. El alineamiento de la forma es mejor con el
CCPD debido a que el desplazamiento de los puntos es similar y coherente con
el esperado (esperado en inspección visual), alineando los puntos teniendo en
cuenta la forma y la información de color.



Appendix B

RGB-D sensor calibration

The calibration is the process to estimate the parameters necessary to obtain
the image data. This parameters depend on several features of the sensor like
the focal length of the lens or the principal point of image. Although it could be
estimated for a set of sensors, knowing the specific values for a given one could
improve the accuracy.

RGB-D sensor are devices that can retrieve color and depth information
simultaneously. There are several types of these sensors depending on its tech-
nology, being the most used, the time-of-flight (ToF)(Kinect v2), and structured
light (PrimeSense, Kinect v1).

Figure B.1: RGB-D sensor Microsoft Kinect internals

RGB-D sensors based on structured light are devices that mount an IR
projector, and both RGB and IR cameras, as shown in Figure B.1 1. The
structured light techniques are based on the recognition of a known pattern
previously projected, to determine the distance of the object by analyzing the
deformations on this pattern over the surface of the object. Concretely, RGB-D
sensors use an infrared speckle pattern as shown in(Figure B.2-right).

1Image in iFixit https://www.ifixit.com/Teardown/Microsoft+Kinect+Teardown/4066
(April, 1st, 2015)
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Figure B.2: Left: Structured light technique. Right: Infrared speckle pattern

Figure B.3 explains briefly the process to obtain the RGB and depth data.
The RGB camera obtains a RGB image. The IR camera obtains a IR image
with the projected pattern used to obtain the disparity and finally determine
the depth data.

Figure B.3: Acquisition process

To obtain the depth from the disparity of the projected pattern and the
recovered image, a set of parameters must be known. Figure B.4 shows the
relation between the depth and the measured disparity. To determine the depth
for a given point (Zk), the sensor compares the acquired pattern with a reference
one previously known. As the figure shows, there is a displacement D between
the two planes that produces a disparity d in the sensor. From this value, and
a set of calculations, it is possible to determine the depth of a point.

In the same way that occurs with common color cameras, RGB-D sensors
have intrinsic parameters which are important for the accuracy of the acquired
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Figure B.4: [Khoshelham and Elberink, 2012] Relation between the depth and
measured disparity

data. For both color and depth cameras, default parameters are used in the
general purpose drivers. They may not fit specific situations when high accuracy
is required. The estimated values provide enough accuracy for many tasks.
However, when these sensors are used for 3D scene reconstruction in adverse
situations, where the accuracy is a key factor, specific parameters have to be
obtained.

These parameters are divided into two groups: intrinsic and extrinsic pa-
rameters. The intrinsic parameters are those ones that refer to internal charac-
teristics of the camera, including the following:

• Focal length for both cameras. The focal length is the distance between
the principal point of the lens and the focal point.

• Principal point of the images, which is the real center of the image and may
not match with the central pixel of the image due to tangential distortion
and other manufacturing defects.

• Radial distortion coefficients. The radial distortion of the lens is produced
due to the shape of the lens. In theory it should be perfectly parabolic,
but it is commonly spherical because is easier to make. This effect is
appreciable at the edges of the image, producing a barrel or fish-eye effect.

• Tangential distortion coefficients. In the assembly process it is difficult to
make an exactly parallel alignment between the lens an the imager.
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• Disparity-depth relation parameters for converting the disparity values to
millimeters.

The second group of parameters are the extrinsic ones that refer to external
characteristics, i.e.: out of the sensing part of the camera. In this case, as a
stereo vision system, they are significant to perform the alignment between two
cameras (e.g.: RGB and depth sensors):

• Rotation and translation matrices to map the RGB and depth images.

In order to find an accurate value for each of those parameters, a calibration
process is needed. To do that there exist many proposals. All of them use a
pattern (Figure B.6 of known size that can be recognized easily on a planar
surface.

Figure B.5: Focal length

Figure B.6: Examples of calibration patterns
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B.1 Calibration algorithm

There are several proposals for calibrating RGB-D sensors. Burrus [Burrus,
2011] published a toolkit called RGBDemo that has multiple tools for Microsoft
Kinect sensors, including one for calibration developed using OpenCV. Herrera
et al. proposed in [Daniel Herrera et al., 2012] a method to calibrate RGB-D
sensors that use RGB and disparity images providing a new model for the dis-
tortion correction for the depth camera over the disparity images. The Herrera
proposal has been chosen due to its high accurate results.

The method proposed by [Daniel Herrera et al., 2012] calibrates the depth
and color cameras, giving their intrinsic and extrinsic parameters. This algo-
rithm needs several images of a checkerboard in different orientations. Also, it
needs the information of the selected corners in the RGB images and the plane
where the checkerboard is located in the depth image.

The algorithm of Herrera improves the parameters estimation by proposing
a new model to correct the distortion of the depth camera in disparity images,
instead of using the common lens distortion coefficients. This model is based
on a constant error pattern that RGB-D sensors show in the measurements.
Besides, this error decreases when the distance to the sensor increases.

The algorithm iteratively performs a non-linear adjustment from an initial
calibration until convergence to provide the best combination of intrinsic and
extrinsic parameters. To perform a calibration, the following steps are needed:

1. do_select_images. To select the path where the images are located.

2. global_vars. Script that initializes the variables.

3. do_initial_depth_calib. This function performs four steps:

• Indicate the corners of the squares in the pattern.

• Select the corners in the RGB image.

• Select the plane where the pattern is located in the disparity image.

• Select the corners in the disparity image. This step could be very
inaccurate. It is used only for estimate an initial calibration.

4. do_calib. To start the calibration algorithm.

The obtained intrinsic parameters for both cameras are shown in Table B.1.
Also, the method provides the extrinsic parameters.

R =

 0.999902 −0.004384 0.013294
0.004776 0.999551 −0.029572
−0.013159 0.029633 0.999474

 ±

5.2299e− 04
5.9475e− 0.4
2.2304e− 04
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Parameter RGB Camera IR Camera

Focal length fx 547.94± 0.82 575.68± 0.61
fy 545.01± 0.79 574.46± 0.59

Principal point cx 314.38± 0.34 323.08± 0.24
cy 237.69± 0.30 224.72± 0.24

Radial distortion
k1 0.0443± 0.0016 0
k2 −0.2372± 0.0071 0
k3 0.2323± 0.0092 0

Tangential distortion p1 0.0029± 0.0002 0
p2 −0.0021± 0.0002 0

Disparity-depth relation c0 − 3.96± 0.003505
c1 − −0.002863± 2.8559e− 06

Table B.1: Obtained results

T =

 0.025344
0.002093
−0.003331

 ±

0.00021
0.00021
0.00035]


For the disparity distortion correction model, the algorithm provides two

values, α0, α1, that represent the decay of the distortion effect with the distance
and the spatial distortion pattern.

α0 = 2.0973± 0.05000 α1 = 0.0025± 0.0001

The spatial distortion pattern is a matrix with the same size that the dis-
parity image that represent a correction for each pixel.

Figure B.7: Spatial distortion pattern

Once the calibration has finished, the camera parameters are estimated and
used to correct both disparity and RGB images; estimate the depth information
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from the disparity data; translate the image coordinates to real world (from
pixels to millimetres); and align the color and depth images.

B.2 RGB image correction

For the color image, the radial and tangential distortion is corrected. The radial
distortion is zero a the principal point, and it increases with the distance of the
pixel to the principal point. It is characterized by the first few terms of a Taylor
series expansion around r = 0 ( [Bradski and Kaehler, 2008]). However, it is
simplified using the following equations:

xcorrected = x ∗ (1 + k1r
2 + k2r

4 + k3r
6) (B.1)

ycorrected = y ∗ (1 + k1r
2 + k2r

4 + k3r
6) (B.2)

For the tangential distortion the Equations B.3 and B.4 show the correction:

xcorrected = x+ [2p1y + p2(r2 + 2x2)] (B.3)

ycorrected = y + [p1(r2 + 2y2) + 2p2x] (B.4)

In these equations x and y are the original location of a point, xcorrected
and ycorrected the new location and k1, k2, k3, p1 and p2 are the distortion
parameters.

B.3 Depth image correction

The disparity distortion can be corrected using the following equation:

dk = d+Dσ(u, v) ∗ exp(α0 − α1 ∗ d) (B.5)

where d is a pixel of the original disparity returned by the sensor, Dσ contains
the value of the spatial distortion pattern for the corresponding pixel, dk is the
corrected disparity and α0, α1 model the decay of the distortion effect. Then
the disparity-depth relation is computed by the following equation:

Zd = 1
c1 ∗ dk + c0

(B.6)

where Zd is the distance between a point and the camera, dk is the normalized
disparity and c0, c1 are the disparity-depth relation parameters.
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B.4 World coordinates

Knowing the depth it is possible to compute the XYZ, or world coordinates,
i.e.: translate the pixels from the image space to the object space. E.g: a cube
1 meter far is 100 pixels width in the image space and 10 cm in XYZ space,
whereas the same cube 3 meters fas is 10 pixels width but still 10 cm in XYZ
space.

P3D.x = (x− cxd) ∗ Zd
fxd

(B.7)

P3D.y = (y − cyd) ∗ Zd
fyd

(B.8)

P3D.z = Zd (B.9)

where fxd, fyd and cxd, cyd are the focal length and principal point for the IR
camera, respectively. P3D represents a point in XYZ space and x, y refers to a
pixel of the depth image.

B.5 RGB - Depth alignment

Then, it is possible to do an alignment between the XYZ points and the RGB
image. To do that, the first step is to apply the rotation and translation matri-
ces:

P3D′ = R ∗ P3D + T (B.10)

where R and T are the rotation and translation matrices and P3D′ is the
transformed point. To make the correspondences with the RGB image, the
following equations are needed:

P2D.x = (P3D′.x ∗ fxrgb
P3D′.z ) + cxrgb (B.11)

P2D.y = (P3D′.y ∗ fyrgb
P3D′.z ) + cyrgb (B.12)

being fxrgb, fyrgb and cxrgb, cyrgb the focal length and the principal point of
the RGB camera and P2D are the coordinates of a pixel of the RGB image
corresponding to the P3D point.
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B.6 Experimentation

To view graphically the results of applying the obtained parameters in the cali-
bration process, a 3D reconstruction of a scene has been done. Figure B.8 shows
an image of a turntable with a stepper motor under it. The RGB-D camera is
fixed in a point, taking 64 images of the scene around 360 degrees.

Figure B.8: Turntable

Figure B.9 shows a top view of 64 concatenated views of a cube acquired with
an RGB-D sensor on the turntable. On the left, the data in XYZ computed with
original parameters, and on the right with the obtained parameters. The cube
makes a perfect circle, however, in the conversion form images to XYZ space
the sitortion produces deviations. Those deviations are minimized with the new
parameters. This is depicted in Figure B.9 with a drawn circle describing the
perfect circle.

To evaluate the accuracy of the conversion to real world coordinates from an
image, some measurements have been taken int the scene of Figure B.10. The
indicated edges, are compared in Table B.2 between the obtained measurements
with OpenNI, the algorithm of Herrera and the real physical measurements.

the following table shows a comparison between the measures obtained through
OpenNI, the algorithm of Herrera and the real physical measure.

After analyzing Table B.2, the data obtained with the Herrera calibration
parameters performs better results compared OpenNI.
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Figure B.9: Aerial views of the cube. Left: without calibration. Right: cali-
brated

Figure B.10: Selected edges from one cube

Edge Real OpenNI Herrera Calibration
A 80.47 68.57 72.93
B 80.09 75.04 77.31
C 80.77 75.75 76.65
D 80.28 73.33 76.48
E 80.58 71.51 75.91
F 81.06 77.82 79.59
G 80.42 74.08 77.70
H 80.25 71.93 73.68
I 80.40 70.96 73.73

Table B.2: Compared measurements
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Experimental set up

The experimental environment is composed by an RGB-D camera in a fixed
position, an Arduino controlled turntable, and a computer. The turntable allows
take images along 360 degrees of the scene.

Figure C.1: Experimental environment

C.1 Environment

The environment is covered using polystyrene panels, avoiding the effects of
external lights. Internal lighting is produced using white LED bulbs oriented
to the panels (Figure C.2) in order to diffuse the light, so it does not influence
directly in the scene. Furthermore, LED bulbs does not produce the same radi-
ation in the infrared spectrum that incandescence bulbs, avoiding interference
over IR pattern used by the sensor (Appendix B).
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Figure C.2: LED bulb oriented to the cork

C.2 Turntable

The turntable is located on a stepper motor controlled by an Arduino Uno board,
so the scene can rotate along 360 degrees. Besides, the table has a magnetic
sensor that allows to know the initial position of the table and determine when
the turn is complete. The program loaded in the Arduino allows the control
of the stepper motor using commands that are transmitted through serial port.
These commands include: to check, go to the initial position, move one step,
set the direction of rotation, the number of steps to complete a turn, among
others.

Figure C.3: Magnetic sensor

C.3 Software

The Arduino Uno is connected to a computer with Matlab R2011a which manage
the camera and the Arduino instructions. The RGB-D camera is a PrimeSense
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Carmine 1.09. The general purpose driver used for this camera is OpenNI for
Windows in version 1.5. Besides, Kinect for Matlab 1 has been used for manage
the camera from Matlab. This toolbox provides a MEX functions (Matlab
Executable) which are wrapper functions of OpenNI API.

Figure C.4: PrimeSense Carmine 1.09

An script has been developed in Matlab that controls the acquisition of the
scene. To acquire one scene, the rotation is divided into ′n′ steps. For each
step of the turntable one color, depth and disparity image are obtained. Also,
between a rotation of the table and the acquisition of the scene, a bit of time
is spent in order to stabilize the objects. Moreover, the real world coordinates
computed are stored.

In the case that plants are acquired during their growth, the environment
is equipped with special lights, that simulates the natural lights needed by any
plant to grow. To avoid the influence of this lights in the acquired scenes, they
are previously turned off before the acquisition process, and later turned on
again.

This experimental environment is open to the research community, so that
any group can use it for his own projects.

1http://kinect-mex.sourceforge.net/ April, 1st, 2015
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Glossary

A

accuracy

Degree of closeness of the perceived value of a physical magnitude provided
by a system and the true value.

adverse conditions

Conditions that are present in a problem or problems that place the scene
magnitudes studied during the process at the extremes of the sensitivity
range of the sensor..

adverse situations

Situations or problems where the process includes adverse conditions.

C

camera

Device able to form an image from a scene. Initially, the term was used
as an optical system able to project a photographic image from a scene.
Nowadays, the term is used in a wider sense to consider devices able to
conform an image composed by other magnitudes. For example, RGB-D
cameras are devices able to project a colour image from a scene (Red,
Green and Blue) and a image of the distance (Depth) from the camera to
the scene.

coarse registration

Initial estimation of transformations that align a set of data points into
a common coordinate system. Many coarse registration approaches use
a subset of the data (downsampling or keypoints) in order to reduce the
computational cost, commonly defined as feature-based methods as well.
In comparative terms, coarse registration provides less accuracy than fine
registration but they are faster.
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E

environment

Context in which the visual acquisition takes places. It refers to any phys-
ical parameter that contributes to the formation of an image excluding
the subject of interest and the camera: intensity and wavelength of light
sources, medium of transmission, relative position between scene and vi-
sion device, viewpoint and many other agents that affect the final obtained
measure.

F

fine registration

Registration process focus on providing the most accurate transformation
that aligns a set of data points into a common coordinate system. These
methods generally use a roughly initial estimation that can be estimated
with a coarse registration, to unify all views in a common coordinate
system (avoiding falling in local minima) and then refining the initial
solution. In comparative terms, fine registration provides more accuracy
than coarse registration but is commonly slower.

G

general purpose camera

Camera device that has a balanced sensitivity for a wide range of vision
problems. This is that the sensitivity that the system offers is not as high
as other camera sensors for specific purposes but it is enough for a range
of tasks.

L

large deformation

Problem that occurs when two datasets to be aligned by a registration
process are very different. They are common in registering subjects over
time. The points in a dataset are enough different in the other that difficult
the search of reliable correspondences between them. Hence, the points
can be incorrectly matched affecting the registration result. For example,
if it is need to register a person stand with the person in crouching position
.
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M

missing data

Registration problem that occurs when some data are not present in a
dataset. This is common in scene acquisition from multiple views, whether
over time or not, due to occlusions, lighting conditions, subject reflectivity
and shape, etc. In general, occurs when a registration process tries to
estimate the transformation from one dataset (data dataset) to another
(model dataset) having points that do not have correspondences between
them. Hence, the points can be incorrectly matched. Usually, this problem
refers when some points (not noisy points) are in the data dataset but not
present in the model dataset. Otherwise, missing data is treated as a
problem of noise.

model estimation accuracy

Degree of closeness of an estimated model from data provided by a method
that use (generally) measured data as input and the true model that fit
the true data. A model will be more accurately estimated when it offers
a smaller distance to the model extracted from true data.

N

noise

Unexpected variation of the perceived value of a physical magnitude by
a measurement system from the true value. Noise is produced by differ-
ent sources, mainly from electronic noise of the sensor and circuitry. The
unexpected effects of the environment in the measurement are also con-
sidered as noise. Usually, it is a random variation of the perceived value
of the physical magnitude from successive measurements. It affects the
precision of the VAS and it is also associated to the repeatability of the
measurement.

O

outlier

A data point which does not fit a distribution model. It is very distant
from other data points in the distribution, i.e. the distance between the
data and the model is over a determined threshold. For example, for a
normal distribution, an outlier is a point whose distance is more than three
standard deviations of the mean.
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P

performance

Capability of a method to achieve the expected non-functional require-
ments measured against accuracy, cost, speed, etc. In this thesis, the term
refers mainly to the expected model estimation accuracy and registration
accuracy measures. A method will have a better performance when it
achieves an accuracy (in terms of model estimation or registration) higher
than other.

R

registration

Process to find a set of transformations (e.g. rotations, translations, scales,
etc.) that aligns a set of data into a common coordinate system.

registration accuracy

Degree of closeness of an alignment of different datasets provided by the
registration process and the true alignment. An alignment will be more
accurate when it offers a smaller distance to the real one.

resolution

Indicates the smallest change in the physical magnitude being measured
that the VAS can detect. For example in RGB-D sensors, the smallest
shape feature size of a subject or the smallest change in colour that the
system can distinguish.

S

scene magnitude

Physical magnitude φi of the scene that contribute to the formation of an
image. They have a relationship to the optical magnitudes of the visual
perception phenomenon. They could be, in practice: scale, viewpoint,
light intensity, frequency, saturation, etc.

scene magnitudes

All physical magnitudes of the scene (see scene magnitude) being acquired
by a VAS that contribute to the formation of an image. The vector made
up of these magnitudes is named ρ in this thesis.
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sensitivity

Slope of the calibration curve of a measurement system. It indicates the
detectable output change for the minimum change of the measured mag-
nitude. Generally, in this thesis, it refers to the detectable output in the
VAS for the minimum change in the scene magnitudes ρ.

subject of interest

An object, person, scenario, subject, etc. selected by the application re-
quirements as the aim of the measurement. Subject elements include re-
flectance, colour, shape, topography, etc.

T

tuning point

Corresponding point ρs of the scene magnitudes for each camera c in which
the sensitivity of the VAS is the optimum.

V

visual acquisition system

System that is able to provide an image I from a scene. It includes all
equipment (hardware and software) and scene configuration to capture an
image: lighting, positions, viewpoints, cameras, etc.

visual feature

Representative specific structure in the image including points, edges or
more complex operations that includes a set of pixels).

W

working point

Corresponding point ρt of the scene magnitudes for each environment e in
which the sensitivity of the VAS is the optimum.
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