VNiVERSiDAD
D SALAMANCA

CAMPUS DE EXCELENCIA INTERNACIONAL

DEPARTAMENTO DE INGENIERIA CARTOGRAFICA

Y DEL TERRENO

Tesis Doctoral

ESTUDIO Y ANALISIS DE SENSORES RGB-D DE BAJO COSTE O
“GAMING SENSORS” EN APLICACIONES DE VISION ARTIFICIAL

Programa de Doctorado:

Geotecnologias aplicadas a la Construccidn, Energia e Industria

Manuel Gesto Diaz

2018



Aviso legal:

Se informa al lector que la presente Tesis Doctoral ha sido realizada siguiendo
el formato de presentacion por compendio de publicaciones en forma de articulos
establecido por la Universidad de Salamanca y se advierte a todo aquel que
guiera disponer, consultar, citar, reproducir o difundir las publicaciones incluidas
en esta Tesis Doctoral que deben respetar los derechos de la editorial de cada

una de las revistas que las contengan.



Departamento de Ingenieria Cartografica y del Terreno
Escuela Politécnica Superior de Avila

Universidad de Salamanca

Autor:

Manuel Gesto Diaz

Directores:
Dr. Diego Gonzalez Aguilera
PD Dr. Ing. Habil. Federico Tombari

2018






Informe de los directores

“ESTUDIO Y ANALISIS DE SENSORES RGB-D DE BAJO COSTE O
‘GAMING SENSORS” EN APLICACIONES DE VISION ARTIFICIAL”

presentada por D. Manuel Gesto Diaz

Informe de los directores

La Tesis Doctoral presentada por el doctorando D. Manuel Gesto Diaz reune
todos los requisitos que se le pueden exigir a una Tesis Doctoral, y que a

continuacion se pasan a detallar:

El tema presentado por el doctorando en su Tesis Doctoral se enmarca en el
campo de la sensoérica, la reconstruccion 3D, la metrologia, el reconocimiento y
la correspondencia de imagenes, alinedndose a la perfeccién con el Programa

de Doctorado.

La metodologia y algoritmos desarrollados en la Tesis Doctoral presentan
aspectos novedosos en el campo de la vision artificial que permiten abordar con

éxito los objetivos propuestos.

Por otro lado, hay que resefiar la posible transferencia de tecnologia derivada en
forma del desarrollo de softwares y patentes cuya propiedad intelectual ha sido
registrada en la Universidad de Salamanca y en el Ministerio de Industria,

respectivamente y de las que el doctorando es coautor y coinventor.

Finalmente, hay que destacar muy especialmente el nivel de produccion
cientifica derivado del propio desarrollo de la Tesis Doctoral por parte del
Doctorando, el cual permite avalar la calidad y relevancia de la misma. Hay que
resefiar la publicacion de 3 articulos indexados JCR asociados a la Tesis
Doctoral, uno de ellos en la primera revista dentro de la categoria de “Remote

Sensing”.

Dada la participacion de coautores en los articulos presentados, se relaciona a

continuacion la aportacion de cada autor, en orden cronologico de publicacion:

Articulo 1: “Metrological comparison between Kinect | and Kinect Il sensors”



Estudio y analisis de sensores RGB-D de bajo coste o “gaming sensors” en aplicaciones de vision artificial

Higinio Gonzélez Jorge: coordinacion de autores, disefio de experimento y

procesamiento de resultados.

Pablo Rodriguez Gonzélvez: asesoramiento y formacion en aspectos

estadisticos, procesamiento de resultados estadisticos.

Joaquin Martinez Sanchez: eleccion de sensores para el estudio, calibracion de

los mismos.

Dieqo Gonzalez Aquilera: asesoramiento en la realizacion de tareas de

procesado, asi como de explotacién de resultados.

Pedro Arias Sdnchez: comparacion de datos en la nube de puntos para obtener

los resultados estadisticos.

Manuel Gesto Diaz: desarrollo de software de adquisicion de datos,

procesamiento de la nube para su uso en la comparacion.

Lucia Diaz Vilarifio: realizacién del estado del arte y redaccién del articulo.

Articulo 2: “Analysis and evaluation between the first and the second generation

of RGB-D sensors”

Manuel Gesto Diaz: disefio de software de adquisicion, procesamiento de datos,

metodologia y valoracion de resultados.

Federico Tombari: formacion y tutorizacion de los trabajos desarrollados por el

doctorando, supervisién y asesoramiento en la interpretacion de resultados.

Pablo Rodriguez Gonzalvez: asesoramiento y formacion en aspectos

estadisticos, procesamiento de resultados estadisticos.

Diego Gonzalez Adquilera: asesoramiento en la realizaciobn de tareas de

procesado, asi como de explotacion de resultados.
Articulo 3: “Feature matching evaluation for multimodal correspondence”

Manuel Gesto Diaz: disefio de software de adquisicion, procesamiento de datos,

metodologia y valoracion de resultados.

Federico Tombari: formacion y tutorizacion de los trabajos desarrollados por el

doctorando, supervisién y asesoramiento en la interpretacion de resultados.

vi



Informe de los directores

Dieqo Gonzalez Aquilera: asesoramiento en la realizaciéon de tareas de

procesado, asi como de explotacion de resultados.

Luis Lopez Fernandez: programacion de diferentes algoritmos de vision artificial

utilizados en la comparacion

Pablo Rodriguez Gonzalvez: asesoramiento y formacion en aspectos

estadisticos, procesamiento de resultados estadisticos.

Por todo lo anteriormente resefiado, emito un informe con todos mis
pronunciamientos favorables, y autorizo su presentacion como Tesis Doctoral en
el Departamento de Ingenieria Cartografica y del Terreno de la Universidad de

Salamanca.

Avila, 15 de agosto de 2018

LOS DIRECTORES DE LA TESIS DOCTORAL

Fdo. Diego Gonzélez Aguilera Fdo. Federico Tombari

vii


Mvemuri
Sello





Listado de articulos publicados

Listado de articulos publicados

La presente Tesis Doctoral esta constituida por un compendio de tres articulos
cientificos, publicados en revistas internacionales de alto impacto. A

continuacion, se enumeran estas publicaciones:
1. Metrological comparison between Kinect | and Kinect Il sensors

H. Gonzalez-Jorge ® P. Rodriguez-Gonzalvez ®, J. Martinez-Sanchez 2, D.
Gonzalez-Aguilera *,P. Arias a, M. Gesto ?, L. Diaz-Vilarifio 2

a Applied Geotechnology Group, School of Mining Engineering, University of
Vigo, Rua Maxwell s/n, Campus Lagoas-Marcosende, 36310 Vigo, Spain

b TIDOP Research Group, Cartographic and Land Engineering Department, High

Polytechnic School of Avila, University of Salamanca, 05003 Avila, Spain
Measurement, Marzo 2015

DOI: 10.1016/j.measurement.2015.03.042

2. Analysis and evaluation between the first and the second generation of
RGB-D sensors

M. Gesto-Diaz 3, F. Tombari P¢, P. Rodriguez-Gonzalvez 2 , D. Gonzalez-
Aguilera?

a Cartographic and Land Engineering Department, University of Salamanca,
Hornos Caleros 50, 05003 Avila, Spain

b DISI, University of Bologna, V.le del Risorgimento 2, Bologna, Italy

¢ CAMP, Technische Universitat Minchen (TUM), Boltzmannstr. 3, Garching b.

Minchen, Germany
IEEE Sensors Journal , Julio 2015

DOI: 10.1109/JSEN.2015.2459139


https://ieeexplore.ieee.org/xpl/RecentIssue.jsp?punumber=7361

Estudio y analisis de sensores RGB-D de bajo coste o “gaming sensors” en aplicaciones de vision artificial

3. Feature matching evaluation for multimodal correspondence

M. Gesto-Diaz 2, F. Tombari b€, D. Gonzalez-Aguilera 2, L. Lopez-Fernandez 2,
P. Rodriguez-Gonzalvez 2

a Cartographic and Land Engineering Department, University of Salamanca,
Hornos Caleros 50, 05003 Avila, Spain

b DISI, University of Bologna, V.le del Risorgimento 2, Bologna, Italy

¢ CAMP, Technische Universitat Minchen (TUM), Boltzmannstr. 3, Garching b.
Munchen, Germany

ISPRS Journal of Photogrammetry and Remote Sensing, Mayo 2017

DOI: 10.1016/j.isprsjprs.2017.05.007






A todos los que han sido parte de mi vida y han forjado mi caréacter.

"La ciencia(vida) se compone de errores, que, a su vez, son los pasos hacia la verdad"
Julio Verne- escritor, poeta y dramaturgo francés
"Estando siempre dispuestos a ser felices, es inevitable no serlo alguna vez."

Blaise Pascal- polimata, matematico, fisico, filésofo y escritor francés






Estudio y analisis de sensores RGB-D de bajo coste o “gaming sensors” en aplicaciones de vision artificial

Resumen

Los sensores RGB-D de bajo coste 0 “gaming sensors” capaces de capturar una
imagen con profundidad han supuesto un punto de inflexion en el campo de la
vision artificial, haciendo estos dispositivos mas atractivos para la comunidad
cientifica, ya que con tan bajo coste se abre la posibilidad de su uso en
innumerables aplicaciones de vision artificial y robética. Desde la irrupcion de la
primera generacion de este dispositivo el nUmero de publicaciones cientificas
donde se ha utilizado ha crecido exponencialmente. Propiciado por el éxito de
este primer dispositivo, se ha lanzado una segunda version, que, aunque
presenta similares caracteristicas, la tecnologia de adquisicion de profundidad
es diferente, creando el interés en realizar estudios para su comparacion y

propiciando la idea para la realizacion de esta tesis.

En la presente tesis doctoral se realizara un andlisis de las dos versiones de este
dispositivo, primeramente, desde un punto de vista puramente teédrico, y a
continuacion, desde un punto de vista de rendimiento en aplicaciones de vision
artificial. La finalidad de estas pruebas es tener los suficientes datos o pruebas
que ayuden a identificar que dispositivo o generacion de dispositivos se adapta
mejor a la aplicacion deseada.

El primer analisis es tedrico, se evalla desde un punto de vista metrologico el
comportamiento de las dos generaciones de sensores. Conocido el
comportamiento tedrico se procede a realizar un analisis de rendimiento en
diferentes aplicaciones de vision artificial. Se centra este rendimiento en unas
aplicaciones especificas, siendo estas, la reconstruccién 3D, el registro de
imagenes, el reconocimiento de objetos y finalmente se busca la combinacion
con multiples sensores a través del registro de imagenes multimodales. Durante
la realizacion de los experimentos se han logrado numerosos hitos de la mano
de la redaccion de esta tesis. Entre ellos se encuentra la creacion de diferentes

bancos de prueba o “datasets”, software y patentes.
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Resumen

Con estos resultados se provee a la comunidad cientifica de informacion
suficiente acerca del comportamiento de los sensores y de su posibilidad de uso

en diferentes aplicaciones.
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Abstract

The low cost RGB-D sensors or "gaming sensors" capable of capturing an image
with depth have supposed a turning point in the field of artificial vision, making
these devices more attractive for the scientific community, since with such a low
cost opens the possibility of its use in countless applications of artificial vision and
robotics. Since the irruption of the first generation of this device the number of
scientific publications where it has been used has grown exponentially. Propelled
by the success of this first device, a second version has been launched, which,
although it has similar characteristics, the depth acquisition technology is
different, creating interest in carrying out studies for comparison and promoting
the idea for the realization of this thesis.

In the present doctoral thesis an analysis of the two versions of this device will be
carried out, first, from a purely theoretical point of view, and then, from a
performance point of view in artificial vision applications. The purpose of these
tests is to have enough data or evidence to help identify which device or device

generation is best suited to the desired application.

The first analysis is theoretical, the behaviour of the two sensor generations is
evaluated from a metrological point of view. Once the theoretical behaviour is
known, a performance analysis is carried out in different artificial vision
applications. This performance is focused on specific applications, such as 3D
reconstruction, image registration, object recognition and finally the combination
with multiple sensors is sought through multimodal image registration. During the
realization of the experiments numerous milestones have been achieved by the
writing of this thesis. Among them is the creation of different test banks or
"datasets", software and patents.

With these results, the scientific community is provided with enough information
about the behaviour of the sensors and their possibility of use in different

applications.
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Estudio y analisis de sensores RGB-D de bajo coste o “gaming sensors” en aplicaciones de vision artificial

1. Introduccidén

La vision artificial es una disciplina cientifica cuya mision es intentar analizar y
comprender las imagenes del mundo real y poder obtener informacion para que
un ordenador sea capaz de transformar los pixeles presentes en cada imagen
en informacion que pueda ser “comprendida” por un ordenador, tal y como los
humanos usamos nuestros 0jos y cerebros para comprender el mundo que nos
rodea, y utilizar esa informacion para tareas cotidianas, como puede ser la
deteccion de objetos. Esta comprension se consigue gracias a distintos campos
como la geometria, la fisica, las matematicas y un innumerable nimero de
campos que dependen de la aplicacion de esa informacion adquirida. Citando a
Marvin Minsky, padre de la inteligencia artificial: “Las maquinas podran hacer
cualquier cosa que hagan las personas, porque las personas no son mas que
maquinas”’[1]. La vision artificial se encarga de hacer capaz a un ordenador de
comprender las imagenes de la misma forma que lo hacemos los humanos.
Existen numerosas aplicaciones de vision artificial. La emergencia de los
sensores RGB-D (Red Green Blue — Depth) de bajo coste con una alta frecuencia
de captura y con una gran resolucién, ha revolucionado el mercado de los
consumidores de camaras de rango, incrementando exponencialmente el interés
y capacidad de adquirir informacién en 3D para un gran numero de aplicaciones
a bajo coste. Es mas, estos dispositivos han provocado un gran interés y rapida
evolucion de la vision artificial en 3D y en percepcion de robética, donde se han
reemplazado los costosos sensores tradicionales por estos dispositivos de
menor coste, que se emplazan en la familia de “gaming sensors” (este nombre
lo deben de la aplicacion para la que fueron desarrollados). Existen numerosas
aplicaciones de vision artificial que usan esta tecnologia y que estan
representadas en los siguientes ejemplos: reconocimiento 3D [2], reconstruccién
3D [3, 4], robdtica en SLAM (Simultaneous Localization and Mapping) [5], Y

obviamente la industria para la que fueron creados, el entretenimiento.
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1.1. Sensores RGB-D

Los sensores de profundidad incorporan a las clasicas cAmaras de imagenes
RGB digitales la informacion de profundidad para cada pixel. Conociendo los
parametros intrinsecos de la camara RGB y la profundidad de ese pixel, se
puede generar un “pixel” o punto donde se conoce la posicion respecto al sensor
en sus tres ejes X, Y, Z. Estos sensores han sufrido una revolucion con los

conocidos “gaming sensors”.

Actualmente existen dos generaciones de estos sensores, siendo la principal
diferencia entre estas generaciones la tecnologia utilizada para adquirir la
profundidad. La primera generacion esta representada por la Kinect y Asus Xtion
Pro basadas en la tecnologia de luz estructurada desarrollada por PrimeSense.
La segunda generacion esta representada por la Kinect Il y esta basada en la
tecnologia ToF (Time of Flight) y CMOS (Complementary Metal-Oxide-
Semiconductor). A continuacion, se explica cada una de las tecnologias

utilizadas en cada una de las generaciones con mas detalle.

1.1.1. Primera generacion

Esta primera generacion combina el principio general de la luz estructurada junto
con una técnica de fotogrametria y vision computacional: la estereoscopia (depth
from stereo). Con la combinacion de estas dos tecnologias somos capaces de
generar imagenes de rango, de forma rapida, precisa y con propiedades métricas
o escala, proporcionada por la linea base del dispositivo y que es calibrado por
el fabricante. Los conceptos tedricos son presentados en [6], de los que haremos

un resumen a continuacion.

XBOX 360

RGEB cameora _BEa 4

Figura 1. Primera generacion de los sensores de rango.
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En relacion con el principio de luz estructurada, el proyector IR (Infra-Red)
proyecta un patrén pseudoaleatorio de luz infrarroja que sera focalizado por la
camara IR. A través del proceso de triangulacion, descrito en la Figura 2, y
tomando como base el conocimiento del paralaje estereoscépico existente en la
camara IR que focaliza el patrén, se conseguira determinar la imagen de
profundidad (depth map), el ultimo vértice del triAngulo se consigue con la
deteccion del patron pseudoaleatorio en la imagen, obteniendo el punto

desconocido k.

o Reference plane

Object plane

L (laser projector)

Figura 2. Principio geométrico de luz estructurada apoyado por el principio de triangulaciéon
estereoscopico.

El plano de referencia es la distancia (Zo) en la que el patrén esta en la posicion
perfecta (calibrada), si este patron, se distorsiona, significa que existe algun
objeto que cambia la posicion de proyeccion de este plano. Esta distorsion en el
patron sera focalizada por el plano imagen de la camara de infrarrojos,
guedando, la distorsion producida, desplazada hacia la derecha o la izquierda. A

partir de ahi, y con los datos conocidos:
+ d: desviacion producida en la camara de infrarrojos (paralaje).
* b: baselinea entre proyector IR y la cAmara IR (conocida y calibrada).

« f: focal de la camara IR (conocida y calibrada).
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* zo: distancia al plano de referencia (conocida y calibrada).

La ecuacion 1 determina el valor de profundidad para el punto k, como sigue:

Zo

Zo
1+fbd

Zk:

1)

despejando Zx obtenemos el valor de profundidad proporcionado por el sensor
de rango. La obtencion del resto de las coordenadas Xk e Yk, conocido como el
registro entre profundidad y color, es igual para las dos generaciones de
sensores de rango, con lo que se explica de forma conjunta tanto para la camara

IR (primera generacion) como para la camara RGB (segunda generacion).

Las coordenadas Xk e Yk (en las dos generaciones) estan determinados por la
condicion de colinealidad inversa simplificada de la cdmara IR o RGB (Ecuacién
2):

Z
X, =(x,—c,) ="
X c)f

Y, = —cy)é
@

Donde Xo, Yo son las coordenadas del punto en la imagen RGB o IR, cx,cy las

coordenadas del punto principal o centro geométrico de la imagen RGB 0 IR y

fx, fy la focal de laimagen RGB o IR a lo largo de los ejes X e Y, respectivamente..

1.1.2. Segunda generacion

La segunda generacion de estos dispositivos esta representada por la
Kinect 2 y utiliza la tecnologia ToF (Time of Flight) o tiempo de vuelo que

explicamos a continuacion.

29



Estudio y analisis de sensores RGB-D de bajo coste o “gaming sensors” en aplicaciones de vision artificial

Figura 3. Segunda generacion de los dispositivos de rango.

Un escéner 3D de tiempo de vuelo determina la distancia a la escena
cronometrando el tiempo del viaje de ida y vuelta de un pulso de luz. Un diodo
laser emite un pulso de luz y se cronometra el tiempo que pasa hasta que la luz
reflejada es focalizada por un detector. Como la velocidad de la luz “c” es
conocida, el tiempo del viaje de ida y vuelta determina la distancia recorrida por
el haz, siendo dos veces la distancia entre el escaner y la superficie. Una vez
gue sabemos como funciona, explicaremos como consigue medir ese tiempo
para estimar la distancia. La Figura 4 explica de forma esquematica como esta
fabricado internamente el dispositivo y como funciona, el flujo de trabajo es el
siguiente: se emite una sefial modulada, con un desfase entre los diferentes
pulsos que se emiten y se capta con la camara para ver el desfase entre la sefial

modulada emitida y la recibida.

/ Iigm
source

electronic modulation . 3D

control unit scene

synchronous
demodulation

any 3D-image
representation

data output
interface

<

optics
lock-in pixel
matrix

Figura 4. Diagrama interno funcionamiento de TOF CMOS extraida en web Canesta.

La modulacion y calculo de la diferencia de fase se puede encontrar de forma
detallada en [7].

30



Introduccién

En los dos casos el calculo de la profundidad es generado por un sensor
o camara distinto del sensor encargado del color. Sera necesario por lo tanto un

registro entre profundidad y color.

1.2. Aplicaciones de vision artificial de los sistemas RGB-D

La visidn artificial o vision por computador es una disciplina cientifica que incluye
meétodos para adquirir, procesar, analizar y comprender las imagenes del mundo

real y convertirlas en informacioén que un ordenador sea capaz de interpretar.
Las principales aplicaciones son:

e Reconocimiento: Esta aplicacion consiste en analizar la informacion de la
imagen para detectar si existe 0 no, ciertos objetos, caracteristicas o
actividad desde el punto de vista semantico.

e Reconstruccién en 3D: Busca conseguir la reconstruccion del entorno o
realidad en tres dimensiones a partir de diferentes imagenes.

e Analisis del movimiento: Consiste en analizar la informacién
proporcionada por la camara, y conseguir obtener el movimiento de la
camara o el movimiento de los objetos dentro de la imagen.

e Restauracion de imagen: Esta aplicacion de forma clasica estaba
orientada a la eliminacién de las aberraciones y problemas producidos por
la cAmara en la obtencién de la imagen. Hoy en dia esta categoria se ha
visto ampliada al gran numero de filtros que se utilizan en las mas

novedosas aplicaciones para crear una imagen “corregida” o no real.

La proliferacién cientifica respecto a los sensores de profundidad de la primera
generacion ha sido muy notable, ha ayudado sobre todo al desarrollo de la vision
artificial en 3D. Cabe destacar trabajos como el reconocimiento de objetos en 3D
[2], el SLAM [5] o la Reconstrucciéon 3D [3]. Ademas de un gran niamero de
trabajos que han publicado diferentes analisis[8, 9], comparaciones [10] para la
primera generacion de estos dispositivos, proporcionando en muchos casos
“datasets” (conjuntos de datos abiertos al publico para su uso) [5] para repetir los

experimentos o utilizarlos en otros. El nUmero de trabajos relacionados con la

31



Estudio y analisis de sensores RGB-D de bajo coste o “gaming sensors” en aplicaciones de vision artificial

segunda generacion de estos dispositivos actualmente es muy pobre y habra

gue esperar unos afos para encontrar mas literatura.

1.2.1 Reconocimiento de objetos

El reconocimiento de objetos es la tarea para encontrar e identificar objetos en
una imagen o secuencia de video. Los humanos reconocemos una multitud de
objetos en imagenes con poco esfuerzo, a pesar del hecho que la imagen del
objeto puede variar un poco en diferentes puntos de vista, en diferentes tamafios
0 escalas, cuando estan trasladados, rotados o incluso parcialmente ocultos.
Esta es una tarea muy compleja y util, en la que los dispositivos de rango han
aportado una caracteristica mas, la profundidad, que puede ser de utilidad a la
hora de reconocer objetos. Actualmente, el reconocimiento de objetos puede
clasificarse en dos tipos de acercamientos:

e Reconocimiento con marcadores. En este tipo de reconocimiento se
necesita proporcionar principalmente marcadores artificiales facilmente
detectables y que implican la colocacién de los mismos en la escena u
objeto.

¢ Reconocimiento sin marcadores. En este tipo de reconocimiento busca
encontrar objetos conocidos, pero sin necesidad de marcarlos
previamente, aumentando la dificultad debido al entorno menos

controlado en el que se produce.

Para evitar crear un gran numero de marcadores o limitarse a objetos con mucha
textura, en los ultimos afios se han realizado grandes avances en el
reconocimiento de objetos sin textura en 3D. Un gran trabajo recopilatorio de
estas tecnologias ha sido realizado en [2]. A modo de resumen, existen dos
grandes tipos de aproximaciones para resolver este reconocimiento. Desde una

perspectiva global o local.

Perspectiva Global

En esta aproximacion, se definen y reconocen objetos enteros. Lo que se busca
es emparejar objetos similares entre una base de datos de objetos y un objeto
en la escena de trabajo. El flujo de trabajo funciona de la siguiente forma. Se
genera una base de datos que recopilara todas las hipétesis. Estas hipétesis son

32



Introduccién

generadas a partir del modelo CAD en 3D. Dichas hipotesis se describen con un
algoritmo en funcién de sus caracteristicas geométricas, que convierte ese
objeto en una descripcién del mismo, siendo el tamafio de esta descripcion
mucho menor que el objeto en si, reduciendo asi el tamafio de la base de datos.
Una vez que tenemos las hipotesis empezamos a comparar estas con los datos
reales. Se necesita preparar la escena para poder comparar las hipotesis con los
posibles objetos existentes en la escena real, esta preparacion consiste en
segmentar los objetos presentes en la escena, obteniendo posibles candidatos
a comparar con el objeto de referencia que se busca. De esta comparacién entre
objetos en la escena y las referencias se obtiene un numero posible de
candidatos, que deben ser aceptados o descartados. Para hacer este descarte
se utiliza un algoritmo de posprocesado, como por ejemplo en el siguiente
algoritmo [11].

Perspectiva Local

Esta aproximacion, como su hombre indica, consiste en plantear el problema
desde el punto de vista local. Se analiza la nube de puntos punto por punto, en
lugar de objetos enteros. Para aumentar la eficiencia de esta aproximacion se
suelen escoger puntos caracteristicos que son mas faciles de identificar. Una vez
seleccionados estos puntos se necesita hacer una descripcion de los mismos, lo
mas detallada posible y con él menor nimero de recursos posibles. Esto se
realiza con unos algoritmos llamados descriptores, que buscan describir de
forma mas fidedigna posible y sin que se vea afectado por condiciones externas
como rotacién o escala el punto caracteristico utilizando el menor nimero de
recursos posibles. Una vez que se tienen los puntos definidos se comparan sus
descriptores entre el modelo y la escena para encontrar puntos caracteristicos
del modelo en la escena. Esta aproximacion nos evita el tramo de entrenamiento
que existe en la perspectiva global. Sin embargo, al comparar un mayor nimero
de puntos, este se vuelve mas lento. Una vez realizados los emparejamientos,
se buscan patrones entre el modelo y la escena que ayude a eliminar falsos
positivos. Finalmente, como en el caso de los descriptores globales, se aplica un
postprocesado para comprobar los emparejamientos surgidos entre las hipétesis

y los candidatos.
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1.2.2. Registro de imagenes

Determinar la similitud entre la informacion visual es necesaria en muchas tareas
en la vision artificial. Mas concretamente, dentro del registro de imagenes la
opcién mas utilizada y con mejores resultados es la que basa ese registro en la
bdsqueda y emparejamiento de puntos que representan una caracteristica
singular en una imagen. Primero se seleccionan los puntos singulares a traves
de diferentes algoritmos, llamados comunmente detectores. Una vez detectados,
necesitan ser caracterizados o descritos (descriptores). El paso final de este
proceso consiste en emparejar los puntos entre imagenes que presentan una

mayor similitud, matching.

Sin embargo, la mayoria de las publicaciones sobre el registro entre imagenes
utilizando caracteristicas se reduce a las de la misma modalidad (espectro
electromagnético). Existen trabajos que presentan una Unica solucidon para
resolver este problema [12-14]. En [15] se realiza una evaluacion de diferentes
algoritmos que presentan un buen rendimiento en la descripcion de
caracteristicas en imagenes con informacién de distinta modalidad. Y existe un
gran namero de trabajos [16, 17] que abordan el registro visto desde otra

perspectiva distinto al basado en caracteristicas.

1.2.3. Realidad aumentada

La realidad aumentada (RA) es una tecnologica que permite afiadir a la realidad
una parte sintética (generada por ordenador). La realidad aumentada es el
término que se usa para definir una visién a través de un dispositivo tecnoldgico,
de un entorno fisico del mundo real, cuyos elementos se combinan con
elementos virtuales para la creacién de una realidad mixta en tiempo real. Una
de las definiciones mas aceptadas es la proporcionada por [18], en ella presenta
las tres caracteristicas minimas que dotarian a un sistema de realidad

aumentada:

e Combina real y virtual
¢ Interactivo en tiempo real

e Registrado en 3D
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La vision de esta combinacion de realidad e informacion aumentada puede ser
de forma directa o indirecta, dependera de la forma en la que el ser humano sea

capaz de adquirirla.

La realidad aumentada a través de vision directa se realiza con un dispositivo
que afade directamente la informacion virtual a nuestra visibn con los
dispositivos HMD (Head Mounted Display). Existen en la actualidad un gran
namero de prototipos creados por las grandes compafiias tecnologicas que
estan realizando una gran inversion para llevar la realidad aumentada con vision
directa a todos los consumidores. Diferentes ejemplos son: Meta [19] , Hololens
de Microsoft [20], Google Glasses [21].

La realidad aumentada a través de vision indirecta se puede visualizar en
cualquier pantalla y consiste en afiadir informacion a la informacién captada por
una cadmara. Este tipo de realidad aumentada necesita de unos dispositivos mas

simples, con una pantalla, una camara y un ordenador es capaz de producirse.

1.3. Estructura de la Tesis Doctoral

Esta Tesis Doctoral es presentada de acuerdo a la regulacion vigente para
programas de doctorado de la Universidad de Salamanca, siendo objeto de
transferencia cientifica, a través de tres articulos publicados en revistas
cientificas internacionales de alto impacto, y tecnolégica, representada por 2
registros de propiedad intelectual del software desarrollado y 3 patentes
desarrollados durante la consecucion de esta tesis. Su estructura consiste en un
total de 5 capitulos acordes al desarrollo de las labores de investigacion llevadas
a cabo para la materializacién de los objetivos fijados en la Tesis Doctoral. Se
han incluido un total de tres apéndices al final del documento, con el fin de

complementar el documento con informacion y documentacion de interés.

35






Capitulo 2: Hipo6tesis de trabajo y
Objetivos

37






Hipo6tesis de trabajo y Objetivos

2. Hipétesis de trabajo y Objetivos

En el apartado anterior se ha mostrado una vision general de los sensores de
rango utilizados en esta Tesis Doctoral junto a una introduccion de diferentes
aplicaciones de estos dispositivos en el mundo de la vision artificial. EI contexto
de aplicacion de las metodologias y herramientas desarrolladas en la presente
Tesis Doctoral es el estudio de la utilizacion de estos dispositivos, asi como la
comprobacién de la evolucion del sensor en su segunda generacion, tanto de
forma metrolégica como en aplicaciones de vision artificial. En la etapa inicial,
donde se ha evaluado la viabilidad de la linea de investigacion, se han recogido
una serie de hipétesis de trabajo y objetivos, que marcarian la hoja de ruta a
seguir de esta Tesis Doctoral.

2.1. Hipotesis de trabajo

La base de la linea de investigacion es el estudio de los novedosos dispositivos
de rango de bajo coste en aplicaciones de vision artificial. Estos dispositivos son
capaces de capturar el entorno en 3D apoyados en diferentes tecnologias, luz
estructurada y tiempo de vuelo. Estos dispositivos proporcionan una nube de
puntos 3D o imagen de rango coloreada que aporta un punto extra a las camaras
tradicionales donde solo existia la radiometria de la imagen, sin tener en cuenta
su profundidad. Teniendo en cuenta este nuevo punto y la existencia de dos
generaciones de este dispositivo que utilizan diferentes tecnologias, se necesita
conocer que tecnologia y generacion de dispositivos genera mejores resultados,
primero desde un punto de vista metrolégico, donde solo nos interesan las
medidas puras, para finalmente realizar una comparacion mas a fondo donde se

estudie su rendimiento en diferentes aplicaciones de vision artificial.

2.2. Objetivos

Enmarcados en el contexto presentado en los apartados anteriores, se plantean
los objetivos de la linea de investigacion materializada en esta Tesis Doctoral,

clasificados en un objetivo principal y varios objetivos secundarios.
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Obijetivo principal:

e Analizar y evaluar el rendimiento de los sensores de profundidad para su

utilizacion en aplicaciones de vision artificial.
Objetivos secundarios:

e Analizar y evaluar la primera y segunda generacion de sensores de
profundidad RGB-D desde un punto de vista metroldgico.

e Analizar y evaluar el rendimiento de la primera y segunda generacion de
sensores de profundidad RGB-D en situaciones reales.

e Analizar y evaluar la capacidad de reconocimiento 3D con sensores de
profundidad RGB-D en objetos con poca textura.

e Analizar y evaluar la precision del posicionamiento3D (orientacion y
translacion de un objeto concreto respeto a un sistema de coordenadas)
obtenida con los algoritmos de reconocimiento 3D utilizados.

e Evaluar y analizar la capacidad de los sensores de profundidad para la
reconstruccién de modelos 3D.

e Evaluar y analizar los detectores y descriptores mas utilizados en el
registro de imagenes de diferentes modalidades (espectros
electromagnéticos), incluyendo todas sus combinaciones.

e Obtener un registro de las imagenes de diferentes modalidades haciendo
un emparejamiento con los diferentes algoritmos evaluados.

e Buscar la mejora de ese registro en dispositivos mediante la realizacion

de nuevos algoritmos de registro.

De esta forma, la linea de investigacion se presenta completamente alineada con
un objetivo de un proyecto de investigacion desarrollado por el grupo de
investigacién reconocido Tidop [1, 22] y por el autor de esta Tesis Doctoral:
Proyecto SICEMAM [23].

El proyecto SICEMAM consiste en el desarrollo de un sistema cibernético que
permita asistir de forma eficiente a los operarios en las tareas de mantenimiento
de aeronaves militares. Estas operaciones incluirdn tareas de inspeccion,

montaje y desmontaje, asi como procedimientos de reparacion. El gran reto de
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este sistema es su vertiente mas didactica; la formacion y el entrenamiento,
puesto que su principal misidbn sera la captura, gestion y transferencia del
conocimiento del experto. Para ello se tendrdn en cuenta las principales
caracteristicas de los usuarios. Asimismo, se pretende que el sistema cibernético

sea escalable, sentando las bases de futuros desarrollos de |+D+i.
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3. Evaluacién metrolégica de dispositivos RGB-D o gaming
sensors.

Este capitulo contiene el articulo “Metrological comparison between Kinect | and
Kinect Il sensors” publicado en la revista de alto impacto “Measurement” en
Marzo de 2015.

3.1. Resumen

En este primer articulo se muestra una comparacion metrolégica entre la primera
y segunda generacién de los sensores Kinect | y Kinect Il producidos por
Microsoft. Microsoft cred estos dispositivos para integrar el entorno real dentro
de los videojuegos. Para realizar esta comparacion metrologica se utiliza un
artefacto especial, con una forma concreta y con medidas conocidas y calibradas
metrologicamente. Este consta de cinco esferas y siete cubos de diferentes
tamafios. Se conoce con precision metroldgica el tamafio y posicion de todos los
componentes presentes en el artefacto. Estas medidas metroldgicas se utilizan
como verdad terreno para la comparacién de los datos obtenidos por los
sensores. La comparacion de los dispositivos se basa en calcular la precision y
exactitud de cada uno de los dispositivos para diferentes puntos de vista respecto
del artefacto metrolégico. Siendo estos puntos de vista meticulosamente
seleccionados con diferentes angulos y distancias para proveer a la comparacion
de casos suficientemente representativos para que esta sea correcta. Los
resultados de ambos dispositivos presentan una precision similar para ambos
dispositivos, siendo estos de entre 2 y 6 mm. Sin embargo, a 2 metros de
distancia el sensor de primera generacion presenta una desviacién aproximada
de 12 mm, mientras que el sensor de segunda generacion permanece por debajo

de los 8 mm.

En el caso de la exactitud, se mantiene la misma tendencia para la segunda
generacion en distancias de 1 a 2 m, siendo esta siempre menor a 5 mm
negativos. En el caso de la primera generacion alcanza una desviacion en la

exactitud del entorno de 12 mm negativos a 1 m y de 25 mm negativos a 2 m.

Con los datos del estudio de precision realizado podemos apreciar que la

precision de los sensores de primera generacion disminuye proporcionalmente
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a la distancia siguiendo una funcién que se aproxima a un polinomio de segundo
grado. Sin embargo, los sensores de segunda generacion presentan unos datos
mas estables, pudiéndose linealizar el error cometido. El estudio de errores se
ha reducido a una distancia de 4 m, debido a que es el alcance maximo de la
Kinect Il, y el alcance méximo recomendado por el fabricante de la primera

generacion, aunque este puede llegar hasta 6 m sin cometer demasiado error.
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This work shows a metrological comparison between Kinect I and Kinect II laser scanners.
The comparison is made using a standard artefact based on 5 spheres and 7 cubes.
Accuracy and precision tests are done for different ranges and changing the inclination
angle between each sensor and the artefact. Results at 1 m range show similar precision
in both cases with values between 2 mm and 6 mm. However, at 2 m range values of
Kinect I increase up to 12 mm in some cases, while Kinect II keeps all results below
8 mm. Accuracy is also better for Kinect Il at 1 m and 2 m range, with values always lower
than —5 mm. Accuracy for Kinect I reaches —12 mm at 1 m range and —25 mm at 2 m
range. Precision study shows a decrease of precision with range according a second order
polynomial equation for Kinect I, while Kinect Il shows a much more stable data.
Measurement range of Kinect II is limited to 4 m, while Kinect I can obtain data up to 6 m.

Accuracy

© 2015 Elsevier Ltd. All rights reserved.

1. Introduction

3D modelling of the environment is something that is
becoming more widespread with applicability in fields
such as civil engineering [1], quality control in industry
[2], robotics [3], cultural heritage [4], mining [5], or the
entertainment industry [6]. In recent years, laser scanners
have become widely used systems for the performance
of 3D models of the environment. Depending on the type
of application parameters such as range, accuracy or
measurement rate are fundamental for choosing one laser
scanning system over the other.

Applications in civil engineering, mining, and environ-
mental science (e.g. surveying of a riverbank, a quarry, or
aroad slope) require long range (hundreds of meters) with
accuracies typically around 1 cm. Architecture and cultural
heritage (facades of historical buildings) require

* Corresponding author. Tel.: +34 986818752.
E-mail address: higiniog@uvigo.es (H. Gonzalez-Jorge).

http://dx.doi.org/10.1016/j.measurement.2015.03.042
0263-2241/© 2015 Elsevier Ltd. All rights reserved.

intermediate range of some tens of meters with accuracies
better than 5 mm. Quality control in automotive or aero-
space industry requires short range (sometimes lower than
1m), high accuracies (0.1 mm or even better) and high
measurement rate. Most of the systems used for quality
control are embedded in production lines, therefore there
is a need for synchronization with the manufacturing of
the parts. Autonomous robots use laser scanners to map
the environment, obstacle detection, and navigation-aid.
They typically need medium range (30 m maximum) and
low accuracy (between 3cm and 5cm) systems.
However, since being part of a real-time control system,
they need high scanning rate. Entertainment industry has
more recently contributed to the development of such sys-
tems well-known as gaming sensors. They seek low-cost
systems with low-intermediate ranges (between 1 m and
5m; to work in a domestic room) and high measurement
rate (to map quickly the player’s movements and transmit
them to the videogame). In addition, although the accuracy
begins being low, the greater demands of the players, who
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RGB camera

Fig. 1. Kinect [ laser scanner with highlighting of IR illuminator, RGB camera and IR sensor (top), and Kinect Il laser scanner with RGB camera, IR sensor and

IR illuminator (bottom).

want the response of the avatars accurately synchronized
with their movements, is pushing the improvement of
accuracy of the laser scanners.

Asus and Microsoft were two of the most popular laser
scanning systems for the entertainment industry with the
Xtion and Kinect systems. Kinect sold more than 24 million
systems whole over the world. Both systems consist of low-
cost triangulation laser scanners that have become very
popular during the last couple of years. Due to the great
community of potential developers working with these sys-
tems, many new applications have been developed that
extend the potential of the systems to other fields different
to entertainment. Some examples are indoor robotics, face
recognition, virtual learning, and forensic science [7-12].

Recently, Microsoft has released Kinect II. It is based on
a time-of-flight technology instead of triangulation-based
former scanner. According the technical specifications,
Kinect Il improves Kinect [ with higher camera resolution,
depth resolution and frame rate [13]. However, there are
not official data about the metrological characteristics of
the depth measurements (i.e. accuracy and precision).
These data could be very valuable for users to determine
the real possibilities of the systems in many applications.

The aim of this work is to use a previously calibrated
standard artefact to perform a metrological comparison
between Kinect 1 and Kinect II sensors. Section 2 of the

manuscript depicts the materials and methods used for
the comparison and Section 3 the results and discussion.
Conclusions are exhibited in Section 4.

2. Materials and methods
2.1. Laser scanners Kinect I and Kinect I1

Main differences between Kinect I and Kinect Il sensors
(Fig. 1) are described in Table 1 [13]. The ranging technol-
ogy of the Kinect Il sensor uses a novel image system that
indirectly measures the time it takes for laser pulses to tra-
vel from the IR illuminator to the image sensor after
returning from the target surface. This technology divides
a pixel in a half and then they are turned on or off alterna-
tively (180° out of phase between them). The light source
is pulsed in phase with the first pixel of each couple. The
returned light is absorbed by the half pixel turned on and
rejected by the half pixel turned off. That means that when
the distance between the system and the target is
increased the total amount of light absorbed by the first
pixel will decrease slightly, while the second pixel increase
slightly. When the target is out of range, the light photons
arrive later than second halves pixels are turned on. The
photons are detected by first pixels, although in another
cycle.
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Table 1
Technical specifications of Kinect I and Kinect Il laser scanners.
Kinect | Kinect Il
Field of view (H x V) 57.5° x 43.5° 70° x 60°

Camera resolution (H x V)

Depth resolution (H x V)
Maximum depth range
Minimum depth range
Depth technology

640 x 480 @ 30 fps

1920 x 1080 @ 30 fps
(15 fps with low luminance)

320 x 240 512 x 424
6m 45m
40 cm 50 cm

Triangulation between
near infrared camera and
near infrared laser source
(structured-light)

Indirect time of flight

Tilt motor Yes No
USB standard 2.0 3.0
Supported 0S Win 7, Win 8 Win 8

Kinect II takes a first measurement with low resolution
estimation, high pixel exposure time, and no ambiguities
in distance. The second measurement is then taken with
high precision, using the first estimate to eliminate any
ambiguities.

Kinect II has built in ambient light rejection, where each
pixel individually detects when that pixel is over saturated
with incoming ambient light and it resets the pixel in the
middle of an exposure. On the contrary, Kinect I does not
provide ambient light rejection.

2.2. Metrological comparison

Metrological comparison between Kinect I and Kinect Il
was done by using a standard artefact developed at
University of Vigo [14-16]. This artefact (Fig. 2) consists
of five delrin spheres of nominal diameter 100 mm
equidistantly assembled on an aluminium block and seven
cubes of edge dimensions 100 mm, 80 mm, 60 mm,
40 mm, 30 mm, 20 mm, and 10 mm. The artefact was cali-
brated in an ENAC accredited laboratory according ISO
17025:2005 using a coordinate measurement machine.
Calibration is yearly updated and no significant changes
have appreciated to work with laser scanning systems with
precisions above mm. Metrological characteristics of the
artefact are shown in the bibliography, in the same way
that the results obtained by the sensor Kinect I. These
results will be used in the present work to compare with
the data obtained with Kinect II.

Fig. 2. Standard artefact used for metrological comparison between
Kinect I and Kinect I1.

The metrological evaluation performed with Kinect II
sensor follows the procedure used with the same standard
artefact and Kinect I [G]. It basically consists of placing the
artefact and the Kinect sensor on two surveying tripods
and performing six complete measurements at 1 m and
2 m range, with 45°, 90° (coincident with Z axis in Fig. 1),
and 135° angles between artefact and sensor (Fig. 3).
Depth measurements were also made at 90° angle, from 1
to 4 m. For ranges higher than 4 m Kinect Il appears out of
range. Kinect Il data are stored using the Microsoft Kinect
SDK for range measurements. The whole data acquisition
was done indoors where the illumination consisted of fluo-
rescence tubes. Example of the point cloud is show in Fig. 4.

135¢

Fig. 3. Scheme of data acquisition.
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Fig. 4. Point cloud from standard artefact obtained with Kinect I laser scanner (top) and Kinect Il laser scanner (bottom).
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Fig. 5. Accuracy for 1 m range.

Accuracy acc is calculated as the difference between the
distance values obtained for the standard artifact D* and
the Kinect 1 Df™' (Eq. (1)) or II DS (Eq. (2)).
Eqgs. (3)-(5) show as the distance values are obtained from
the center of each sphere (X;.1,y;,1.2i1) in relation with
sphere 1 (x;,y,.21); i values range from 1 to 4. The coordi-
nates from the center of the spheres are obtained in all
cases using a least square fitting algorithm, taking into
account the data from the coordinate measurement
machine (standard artifact data) or the data from the point
clouds (Kinect I or II).
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Precision of Kinect II is evaluated using the standard
deviation of least square algorithm applied to the fitting
of the spheres and the top face of the largest cube of the
artifact (100 mm edge) [6,7,14,17-19]. In particular, the
procedure for estimating precision included: the same
measurement procedure, the same observer, the same
measuring instrument, used under the same conditions,
the same location, and repeated measurements from the
same measurand. To this end, Eq. (6) shows a quantitative
parameterization of the results based on the standard
deviation of fitting residuals d;, where N depicts the num-
ber of points from the cloud that are used for the fitting.
Low precision will be indicative of a noisy point cloud that
produces large d; values.

N d?
= i=11
prec = V N_1 (6)

3. Results and discussion

Figs. 5 and 6 show the accuracy results for Kinect I and
Kinect II sensors for ranges of 1 m and 2 m, with angles
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Fig. 6. Accuracy for:2mrange. Fig. 8. Precision for 2 m range.
between the laser scanners and the standard artifact of 45°,
90°, and 135° Kinect I depicts accuracy values ranging 70 -
between —2 mm and —12 mm for 1 m range and between precision = 2.039922-2.016Z + 2.0957 %
4mm and —25mm for 2 m range. A clear decreasing of 97 Rt=05923
accuracy with range is shown. Kinect Il shows accuracy < 50
values between 0.1 mm and —7.5 mm for 1 m range and §, i é i et
between 5 mm and —7 mm for 2 m range. The accuracy § Wiiinect))
decreasing with range is much less pronounced. Accuracy % = b
values of Kinect II clearly improve the values obtained for a 20
Kinect I at 2 m range. In both cases there is not a trend 50 * precision = 0.541722-0.885Z + 2.7083
between the accuracy and the angle between the sensor o3 % - R?=09416
i 0 T T T T T T 1
and _the standfard artifact. . 7 : Z T 3 s T 2
Fig. 7 depicts the precision results for 1 m range and 2(m)

Fig. 8 the results for 2 m range. Both sensors show a
decreasing of precision with the increasing of range,
although it is much more prominent in sensor Kinect L.
Results for 1 m range are very similar for both sensors.
The precision values range between 1.5 mm and 6 mm.
However, for 2 m range, Kinect Il clearly improves the
Kinect I data. Kinect Il shows precisions values lower than
8 mm, while Kinect [ shows values over 10 mm in many
cases.

The incidence angle does not affect the obtained results,
as well as it does not influence precision or accuracy
values.

The accuracy/precision ratio is for all cases approxi-
mately between 1 and 2. This result correlates with that

8
71 Kinect |
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* - = 45°
24 8 vos@eer 135
L]
14
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Fig. 7. Precision for 1 m range.

Fig. 9. Precision trend with range.

obtained for commercial systems (i.e. Faro Focus 3D [20])
with precision values between 0.6 and 2.2 mm and accu-
racy of 2 mm. In this case the ratio depicts values between
0.9 and 3.3.

Fig. 9 exhibits the precision as a function of range for
the laser scanners Kinect I and II. Precision was obtained
from the standard deviation of the least squares plane fit-
ting to the top face of the largest cube (90° angle). Precision
data for 1 m and 2 m range come from those depicted for
the planes in Figs. 7 and 8. Precision data for 3 m and larger
ranges are specifically calculated to this part.

Kinect | shows a measurement range between 1 m and
6 m, while Kinect Il shows it between 1 m and 4 m, both in
agreement with the technical specifications. Kinect I shows
a precision decreasing in agreement with a second order
polynomial [17], while Kinect II does not show this clear
mathematical behavior. Precision for Kinect Il appears
much more stable with the increasing of range inside the
measurement window. This fact could be quantified with
the fitter second order polynomial that shows a lower 72
coefficient for Kinect II (0.54 vs. 2.04 in Kinect I).

4. Conclusion

This works shows the comparison between Kinect I and
Kinect II laser scanners using a standard artefact. The com-
parison evaluates the accuracy and precision at angles of
45¢°,90° and 135° and distances of 1 m and 2 m. Precision
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was also evaluated for larger ranges up to 6 m for Kinect |
and 4 m for Kinect II.

Results at 1 m range show similar precision values in
both laser scanners; however at 2m range values of
Kinect Il improve the results of Kinect I. Accuracy shows
a similar pattern, although even for 1 m range values for
Kinect Il appear slightly better.

Precision was tested until the range limit of the sensors.
Precision obtained for Kinect [ sensor decreases following a
second order polynomial equation, while Kinect I fits a
more stable behaviour. Decreasing of precision with range
for Kinect II is less appreciable. Range limit of Kinect II
appears at 4 m, while Kinect I achieves 6 m.

The metrological comparison performed in this work
concludes that Kinect Il could be useful for the same tech-
nical applications as Kinect I (robotics, quality control of
low-tolerance parts, or indoor mapping), improving accu-
racy and precision. It must also be noted the stability of
measurements with range that could be very valuable for
many uses, the same way the better performance in out-
door environments.
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4. Evaluacion de rendimiento en aplicaciones de vision artificial

Este capitulo contiene dos articulos que seran analizados en dos secciones.

4.1. Evaluacion de rendimiento y aplicacién de reconstruccion

3D y reconocimiento de objetos

La primera seccion de este capitulo contiene el articulo “Analysis and Evaluation
between the First and the Second Generation of RGB-D Sensors” publicado en
la revista de alto impacto IEEE “Sensors Journal” en Julio de 2015.

4.1.1. Resumen

En este segundo articulo realizamos un analisis en mayor profundidad de los dos
dispositivos, se realiza un analisis de rendimiento utilizando aplicaciones de
vision artificial comunes. La idea de escribir este articulo ha sido propiciada por
la introduccion de estos dispositivos de videojuegos, y en concreto con la
irrupcion de la segunda generacion, el bien conocido Kinect I, que ha producido
gue la interaccion entre estos sensores Yy las aplicaciones de ingenieria inversa
y visidn artificial se haya visto reforzada. Este nuevo sensor basado en una
nueva tecnologia ToF (Time of Flight o tiempo de vuelo) diferente de la primera
generacion de los dispositivos RGB-D, que esta basado en luz estructurada
(Asus Xtion pro, Kinect | o Primesense Carmine). A pesar de que la segunda
version de este dispositivo tiene mejores caracteristicas técnicas no podemos
predecir como se traduciran estas mejoras en diferentes aplicaciones de vision
artificial o ingenieria inversa. Este trabajo busca comparar de forma cuantitativa
el rendimiento de estas dos generaciones de dispositivos en funcién de dos
escenarios aplicados: reconstruccién 3D y deteccion de objetos en 3D. En este
articulo se han realizado varios trabajos. Primero se introduce un novedoso
“dataset”, definiendo una verdad terreno de alta precision obtenida con un laser
metrolégico de alta precision. Tener este “dataset” nos permite realizar dos
analisis: (i) andlisis de rendimiento en términos de precision en la reconstruccién
y (ii) una comparacién en términos de reconocimiento de objetos 3D y en la
estimacion del posicionamiento de los mismos. Los resultados obtenidos

confirman que la nueva version del sensor Kinect ha obtenido mayor precision y
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menos ruido en la aplicacion de reconstruccion 3D. Es mas, se proporciona una
estimacion cuantitativa de cuanto mejoran los resultados en el reconocimiento
3D tomando como hipétesis una mayor precision y exactitud en la adquisicion de

la nube de puntos por parte de la segunda generacion de estos dispositivos.
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Analysis and Evaluation between the First and the
Second Generation of RGB-D Sensors

M. Gesto-Diaz, F. Tombari, P. Rodriguez-Gonzalvez and D. Gonzalez-Aguilera

Abstract—With the recent introduction of the new Kinect II,
the second generation of the well-known Microsoft Kinect sen-
sors, the connection between RGB-D sensors, reverse engineering
and computer vision applications is reinforced. This new sensor
is based on a Time-of-Flight (ToF) technology, which differs
from the previous generation of RGB-D sensors, including other
devices such as the Asus Xtion Pro and PrimeSense Carmine,
which was based on structured light. Although characterized by
better technical specifications, this does not neccessarily translate
to the improvemens in its application tasks. This work aims at
comparing quantitatively the Kinect IT with respect to the first
generation of RGB-D sensors in terms of two specific application
scenarios: 3D reconstruction and object recognition. To this end,
we propose a novel dataset with ground truth obtained with a
metrological laser scanner, which allows a two-fold analysis: (i)
a performance comparison in terms of reconstruction accuracy
and (ii) a comparison in terms of object recognition and 3D
pose estimation. The obtained results confirm that the new
version of the Kinect sensor demonstrate higher precision and
less noise under controlled conditions. Furthermore, we provide
a quantitative estimation of how much such factors turn out into
an improvement in terms of object recognition rate and 3D pose
estimation.

Index Terms—RGB-D sensor, accuracy assessment, object
recognition, gaming sensors, Kinect IT and Asus Xtion Pro

I. INTRODUCTION

HE introduction of affordable, high frame-rate and dense

RGB-D sensors such as Microsoft Kinect, Asus Xtion
Pro and PrimeSense Carmine has revolutionized the market of
consumer depth cameras, increasing exponentially the interest
and the deployment of 3D data for a higher number of appli-
cations, Indeed, these devices have notably pushed forward the
research activity in 3D computer vision and robotic perception,
and they have now replaced traditional sensors for applications
such as 3D object recognition [1], Simultaneous Localization
and Mapping (SLAM) [2] and 3D reconstruction |3]-[5]. Due
to the popularity obtained by this first generation of RGB-D
sensors, several research works were recently published with
the aim of analyzing and comparing these sensors in terms of
accuracy of the acquired 3D data. At the same time, several
benchmark datasets acquired with such devices were proposed
in literature, aimed at the aforementioned applications, as
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well as surveys and performance evaluations among different
techniques tested on such benchmarks [2], [6].

Recently, the Kinect IT sensor was released on the market
by Microsoft, based on Time-of-Flight (ToF) technology ac-
quired by Microsoft from Canesta in 2010. The most evident
innovation of this sensor with respect to previous generation is
the use of a different 3D sensing technology, currently based
on ToF. According to the technical specifications, Kinect II
improves the previous generation of structured light sensors
with a higher color camera resolution and the possibility to
work outdoors. Nevertheless, it is not possible to directly
translate and quantify these more advanced characteristics into
benefits in terms of the final application, especially due to the
switch in the sensing technology from structured light to ToF.

For this reason, this work proposes a performance evaluation
aimed at comparing Kinect IT with previous RGB-D sensors
in terms of accuracy of the acquired 3D data. The goal is
to characterize the quality of the acquired 3D data and to
quantify the differences between these sensors, by means of a
novel dataset, where each scene was acquired by both types
of sensors, as well as by a metrological laser scanner which
provides the ground-truth for the quantitative comparison.
Indeed, we wish to point out that several authors have coped
with metrological assessments of the Kinect sensor, in terms of
accuracy analysis [8]; calibration, resolution and set up anal-
ysis [9] and performance evaluation under different computer
vision applications [10]. At this moment the number of works
with Kinect II is reduced [11], but for similar devices (Mesa
Imaging, PMD and Optrima) based on ToF technology there
are some works related to the set-up, accuracy and practical
results [12]-[14].

In addition, the present manuscript focuses on some of
the most popular applications of RGB-D sensors, 3D object
recognition and pose estimation, and it aims to compare the
two generations of sensors also in terms of recognition rate
and 3D pose estimation accuracy, still exploiting the novel
dataset introduced with this work and its ground-truth. By
comparing the performance yielded by state-of-the-art 3D
object recognition algorithms, we aim to assess the advantages
brought in by Kinect 11 sensor directly in terms of application,
s0 to better analyze the impact that Kinect IT could provide
to the community. In this case, there is yet no research
works that has coped with quantitatively benchmarking 3D
object recognition and pose estimation algorithms on 3D data
acquired with Kinect 1L

This paper is structured as follows: after this Introduction
motivating the advances of gaming sensors, section II
presents the materials used to create the dataset and the

on must be obtained from the TEEE by emailing pubs-permissions@ieee.org.
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methods developed to acquire and compare the dataset. The
experimental results are reported and discussed in section 111,
while final remarks and conclusions are drawn in section IV.

II. MATERIALS AND METHODS

A. Sensors

Two RGB-D sensors are being evaluated, the Asus Xtion
Pro , as a representative of the first generation of RGB-D
sensors based on Primesense structured light technology, and
the Microsoft Kinect II sensor, based on ToF technology [15].
A comparison in terms of their technical features is reported
in Table T and represented in (Figure 1).

Fig. 1. Asus Xtion Pro (Left) and Microsoft Kinect TT (Right).

TABLE 1
COMPARISON BETWEEN TECHNICAL SPECIFICATIONS OF BOTH SENSORS.

Asus Xtion Pro

Kinect IT

Color Camera

640x480x24 bpp
4:3RGB at 30 fps

1920x1080x16 bpp 16:9
YUY?2 at 30 fps

Depth Camera

640x480x16 bpp 13-

512x424x16 bpp, 13 bit

ing

bit depth depth
Max. depth dis- 8 m 45 m
lance
Min. depth dis-  0.50 m 0.50 m
tance
Latency 90 ms with process- 60 ms with processing

Field of view

57.5° Horizontal and
43.5° Vertical

70° Horizontal and 60°
Vertical

Since the technology related to the first generation of RGB-
D sensors is well-known, it has been analysed in several papers
[8], [9]. As for Kinect II, being a commercial solution whose
characteristics have only been partially disclosed, it is yet not
possible to know the details about the technology employed.
But to aid the reader to get a general idea of the device
measuring principle, we present one of the most plausible
theories, according to [11], which states that the Kinect IT
uses a phase shift with three different wavelengths.

In this paper, the accuracy assessment of both sensors is
validated with a metrological laser scanner, Hexagon Metrol-
ogy Absolute Arm 7325SI, which provides the ground truth
of the dataset. This sensor is based on the principle of
optical triangulation. The main technical specifications of this
metrological arm are shown in Table 1I. A example of the
precision achieve can be observed in the Table 1T with the
deviations in a sphere in the field Scanning System Verification
Report.

B. Dataset

Four categories of objects were designed to acquire a
dataset aimed at assessing the accuracy of RGB-D sensors for

Copyright (¢) 2015 TEEE. Personal use is permiltted. For any other purposes, perm
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TABLE II
TECHNICAL SPECIFICATIONS OF THE LASER SCANNER HEXAGON
ABSOLUTE ARM 7325S1.

Hexagon Metrology Absolute Arm 7325ST
Measuring range 25m
Probing point repeatability +0.049 mm
Probing volumetric accuracy
Scanning system accuracy
Integrated scanner RS
Maximum point acquisition rate 50000 points/s

Points per line 1000
Line rate 50 Hz
Point spacing (min) 0.046 mm
Accuracy (2 sigma) 30 pm

Certificate of Traceable Calibration(ASME B89.4.22-2004)
Point repeatability achieved 0.017 mm
Length accuracy achieved 0.022 mm
Scanning System Verification Report (Sphere @ 80%)

Max 0.0233 mm
Standard deviation 0.0167 mm
Diameter deviation -0.0310 mm

3D reconstruction and object recognition applications(Figure
2). These categories were chosen using the most common
categories presented in benchmark datasets for 3D object
recognition (i.e. basic primitives and objects with different
shapes and sizes), including a category for textured objects.
From a performance point of view, each model encloses a
local reference frame placed in the centroid of the object,
which defines the object’s pose. This local reference frame
is used to compute a dimensional analysis of the object, as
well as its pose estimation (6 DOF-Degrees of Freedom) in
the scene and thus (o assess its object recognition capabilities.
In addition, trying to reinforce the accuracy assessment for
object recognition, three different types of scenes have been
generated: (i) scenes with one single object; (ii) scenes with
several objects belonging to the same category and (iii) scenes
which mixed objects of different categories.

Overall, the dataset consists of 24 CAD models grouped
in 4 categories and 50 scenes. A first subset of scenes (1-24)
includes only one model. Note that, for what concerns the
basic shapes, there are 3 single-model scenes because, in this
case, we have 3 scale factors (0.5-0.75 and 1) for each model.
Then, there are 5 scenes for each category with mixed models
belonging to it. These categories are Basic shape (25 to 29),
Household objects (30 to 34), Toys (35 to 39) and Textured
objects (40 to 44). Finally, the dataset contains 6 scenes with
models of all categories (45 to 50). To help understanding
the structure of the proposed dataset, Figure 2 summarizes
the models together with the corresponding scenes where they
appear. In Figure 2, the model name together with the group
category are reported in black, while the corresponding scene
numbers are depicted in light blue.

It should be remarked that these models were generated
from their original 3D CAD model by means of a 3D printer,
BQ WitBox [16], with a precision of +0.1 mm according to
manufacturer specifications.

on must be obtained [rom the TEEE by emailing pubs-permissions@ieee.org.
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Fig. 2. Novel dataset designed for the accuracy assessment of gaming sensors in reverse engineering and object recognition applications. This dataset encloses

a ground truth provided by a metrological laser scanner.

C. Data acquisition

The protocol developed for data acquisition should guar-
antee cnough precision to allow assessing the accuracy of
Asus Xtion and Kinect IT from a 3D reconstruction and object
recognition point of view. Therefore, the different sensors
used, including the own metrological laser scanner, should
stay in the same position during data acquisition. Since it is
almost impossible to guarantee that the three sensors have
the same position due to their own intrinsic features (i.e.
different baseline between RGB and depth cameras, different
field of view, different resolution, different components), we
decided to put sensors as close as possible in a fixed and stable
position, allowing their registration (i.e. sensor position) and
the acquisition of the different scenes simultaneously (Figure
3). To solve the registration between the sensors, a special
scene was designed with boxes of different sizes oriented
along different directions. Furthermore, in these planes several
control points have been established for both devices. Finally,
a manual registration between these control points in the scene
captured with Asus Xtion Pro and Kinect IT and the ground
truth provided by the metrological laser is performed and
refined by applying the Tterative Closest Point (ICP) algorithm
[17].

Once the registration between the three sensors is obtained,
the dataset scenes were acquired with the metrological laser
scanner (so to generate the ground truth), as well as with the
two RGB-D sensors. The accuracy of the metrological laser
scanner for estimating the 6-DOF (x,y,z, roll(c«r), pitch(53),
yaw(vy)) pose of each object is estimated in the worst case
as +0.5 mm, based on the analysis of the discrepancies of
the original CAD model and the registered point clouds from
metrological laser scanner.

Copyright (¢) 2015 TEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.

Hexagon Metrology
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Calibration
Scene
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Sensors

Fig. 3. Configuration of sensors to acquire the scenes.

D. Comparison in terms of 3D data accuracy

Before establishing a performance comparison between the
two sensors, the error distribution of the acquired data must
be computed in order to determine whether the data follows
a normal or non-normal distribution. This is carried out in
Subsection II-D1. Once the dataset has been captured and the
normality of the dataset has been determined, a comparison
in terms of 3D accuracy is performed. In particular, this
accuracy assessment is carried out from both a quantitative and
qualitative point of view. The former refers to the statistical
accuracy in terms of non-parametric approaches (described
in subsection 1I-D2), whereas the latter is related with the
completeness of the object modeled by means of its number
of fitted points and its color misalignment, and it is illustrated
in subsections II-D3 and II-D4.

1) Analysing the normality of dataset : Two specific sta-
tistical procedures have been applied in assessing whether
a sample of independent observations follows a normal or
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non-normal distribution: graphical methods (QQ-plots) and
numerical methods based on the Anderson-Darling normality
test [18] [19]. Although the sensitivity of normality tests to
non-normal data could seem an efficient alternative, it should
be remarked that these tests do not work properly with large
datasets since the central limit theorem comes into play [20],
so that normality tests were only applied in those cases with
a reduced number of observations. For large datasets, a better
diagnostic to check a deviation from the normal distribution
is the visual plot quantile-quantile (QQ-plot). In this case,
the quantiles of the empirical distribution function are plotted
against the theoretical quantiles of the normal distribution.
If the distribution follows a Gaussian function, the QQ-plot
should be a diagonal straight line. Furthermore, the distribution
of errors can be visualized by a histogram of the errors, where
the number of errors (frequency) within certain predefined
intervals is plotted together with the theoretical curve for a
normal Gaussian distribution. However, the histograms are not
used as normality criteria, since their shape change according
to the bin size. In the experimental results, both devices
presents a non-normal distribution for the discrepancies be-
tween the model obtained for the device and the ground truth.

In our case, to analyse the normality of dataset the error
associated to each of the two evaluated RGB-D sensors has
been computed based on the orthogonal distance between
the point clouds provided by gaming sensors and the surface
scanned with the metrological arm. In particular, this orthog-
onal distance is assessed in terms of discrepancy (difference)
as follows (Equation 1):

Dif = Sgr — Pas (¢}

where S¢r represents the surface (mesh) provided by the
metrological laser scanner which performs as ground truth,
and P represents the point cloud provided for each RGB-D
Sensor.

2) Statistical accuracy : If a normal distribution can be
assumed and no outliers are presented in the dataset, the
classical statistical accuracy measures based on mean error
and standard deviation can be applied. On the contrary, if
the Anderson-Darling normality test together with graphi-
cal QQ-plots of the errors reveal an excessive amount of
outliers, another approach for deriving accuracy measures
has to be employed. Such an approach has to be robust to
outliers, and the probability assumptions to be made should
not assume normality of the error distribution. Our proposal
in this case is to apply a non-parametric bootstrap strategy
[21] supported by robust estimators (median and biweight
midvariance- BW M V') considering a random subsample of the
differences computed in the step above (Equation 1).

The basic idea of bootstrap involves inferring the variability
of an unknown distribution from which your data are drawn by
re-sampling with replacement from a sample of independent
observations (Dif,,Dif, ) where Dif; denotes the first and
Dif, the last of the differences. The main goal is to determine
if the ground truth discrepancies in a sample of n points are
significant with a confidence level of 1 — . The bootstrap
method proposed consist on a statistical re-sampling method
that analyses the variability of an estimator E obtained from
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a sample Dif = Dify,..., Dif,, and follows an F distribution.
The selection of the re-sampling method is important in order
to in achieve a distribution of £* that properly approximates
the distribution of F. In our case, the bootstrap method has
been adapted in the following way:

1) The orthogonal difference between the ground truth and
the point clouds acquired by the RGB-D sensors are
obtained. This difference gives an idea of the accuracy
of each RGB-D sensor.

2

-

The bootstrap samples are generated randomly from
the differences among the n original data points
using a large number of repetitions, b = 1,..., B. The
corresponding values of the differences, b, are obtained.
Based on its replacement criteria, it is possible that
some of the original data points are presented more
than once, and others are omitted.

3

<

For each bootstrap replicas the samples quantiles
Q(p) together with the robust estimators (median
and BWMV) are estimated using a large number of
repetitions, b = 1, ..., 3, so that we obtain a collection
of b estimates of the accuracy. In particular, first
(Q45%) and third (Q754) quantiles together with the
interquartile range (IQR=Q75¢-Q5%) are estimated.
In addition, these quantiles are complemented with
a robust estimator for the central tendency and the
dispersion based on the median,m , and the BWMV
function [22], respectively (Equations 2 and 4).

if nisodd

) otherwise

(V]

3

¥e s — 201 _ [72)4

BWMYV = nzn,,,] a;(z; —m)?(1 U"z )2
(Ciny @il = UZ)(L - 5U7))

where m is the median, n is the number of points, U

is a parameter from Equation 3, x; is the mean value
and MAD is the Median Absolute Deviation, defined as:

(C))

MAD = median(|Dif; — mq;s|) )

where Dif denotes the orthogonal distances and mg;s
is the median of the differences in orthogonal distances.
Finally, the value of the parameter a (Equation 4) could
be 0 or 1 depending on the U value. If -1 < U < 1,
thus @ = 15 in any casc @ = 0. The essential idea
of bootstrap is that this set of quantiles and robust
estimators provide a distribution that approximates the
real distribution of the actual dataset.

4

<

Finally, a bias-corrected estimate of the parameter
can be computed by averaging the b different values.
The central tendency and dispersion of the estimator

61




Estudio y analisis de sensores RGB-D de bajo coste o “gaming sensors” en aplicaciones de vision artificial

‘Ihis is the author’s version of an article that has been published in this journal. Changes were made to this version by the publisher prior to publication.
The final version of record is available at http://dx.doi.org/10.1109/JSEN.2015.2459139

E* can be inferred by computing the median and the
BW MYV function of this collection of random samples,
whereas the confidence interval on the accuracy can be
approximated by using the appropriate upper and lower
percentiles of the observed bootstrap sample quantiles
and robust estimators, that is, the percentile bootstrap
confidence intervals (PBCI).

3) Spatial completeness of the object : A simple compar-
ison based on the number of points fitted for each model is
established as a measure of its completeness. It is important
to know how many points of each model can be obtained
and which RGB-D sensor is more suitable, as well as the
number points that are capable to acquire of each element.
Considering that the two RGB-D sensors have different tech-
nical specifications in terms of field-of-view and number of
pixels (Table I), it is expected that the Kinect I will have
more fitted points. Although we have no certain knowledge of
how commercial sensors work internally, we can assume that
the PrimeSense based cameras use some form of correlation
to compare the observed pattern to a reference pattern. Any
form of correlation over an area of the image inevitably
creates a dependency in-between pixels and has a low-pass
or smoothing effect. On the other hand, for a ToF camera we
can assume that the depth is estimated independently for each
pixel using a variant of phase-shifting. Therefore, it might
occur that, even if the number of pixels is lower on a ToF
camera, the actual precision is better. This can be observed in
a simple Kinect I vs. Kinect II test, when observing the details
on the fingers of an projected hand.

To prove this, the protocol presented in [23] is followed.
Where a special artifact based on the design shown in [23]
is employed (Figure 4). It contains 26 slices with 2 different
heights placed alternatively. The difference between the inte-
rior layer and the upper layer is 1 cm, this value has been
chose being higher than the error in both devices and the
minimal height possible to avoid some occlusions since in
both devices the emission and the receptor are not placed in
the same position.

Fig. 4. Artifact to compare the spatial resolution.
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4) Radiometric completeness of the object : To create a 3D
point cloud by means of an RGB-D sensor, the mapping be-
tween the elements of the depth camera and those of the color
camera is necessary. Although the registration between the two
cameras is provided by the manufacturer, this registration has
errors, which implies the quality is affected by the distance
between the sensor and the objects. In order to compute these
radiometric misalignments, many scenes were set up, com-
posed of objects with the same, uniform color located over a
white background. Initially, a scene segmentation is computed
which provides a separation between the foreground objects
and the background. Then, the color misalignment is computed
through the inverse ratio between the total points belonging to
the object and those points that have been assigned a wrong
color after the mapping with the RGB frame, including both
foreground points assigned to background colors and vice
versa.

E. Comparison in terms of 3D object recognition

In addition to the metrological comparison, we want to
compare the two generations of RGB-D sensors also in terms
of computer vision and robotic perception applications. In
particular, we have focused on 3D object recognition and pose
estimation. Specifically, the task is to recognize rigid objects
in clutter and occluded scenes, and estimate their position and
orientation in the real world. To this end, several state-of-
the-art 3D shape descriptors aimed at object recognition have
been reviewed, which are publicly available that includes the
algorithms from Point Cloud Library (PCL) [24]. In particular,
the object recognition pipeline presented in [1] has been
used. This pipeline (Figure 5) relies on global descriptors that
require the notion of objects and hence deploy a specific pre-
processing step based on segmentation.

Off-line training

Description (VHF,
CVFH and OUR-
CVFH)

Global
Hypothesis
Verification

b |
- .
i Segment

Fig. 5. Workflow for object recognition.

Since the dataset is composed of CAD models, to use
this kind of models in the recognition pipeline an offline
training stage is required. In this stage, a virtual camera that
simulates the output of a depth sensor is uniformly placed
over each vertex of a regular polygon centered in the object
centroid. The overall number of virtual cameras depends on
the number of vertex of the selected regular polygon. For each
view, a simulated point cloud with RGB information of the
model is rendered and stored in a FLANN (Fast Library for
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Approximate Nearest Neighbors) randomized kd-forest [25]
for the successive online stage. Analogously to [1] , we have
used 80 views and a resolution of 150 x 150 points per view.

The deployed object recognition pipeline relies on comput-
ing a single 3D description (i.e. global) of the entire object.
The first step is the segmentation of the scene, so to obtain
one segment for cach object. Given the specific scenario, we
use the dominant plane assumption in order to fit and remove
the white board that supports the objects. Then, we cluster the
remaining points using a region growing method based on the
Euclidean distance.

To account for different point densities between the model
views and the scene, which could critically affect the perfor-
mance of the descriptor matching stage, we uniformly sample
all model views and scenes to normalize their resolution.
Successively, as mentioned, we compute a global 3D descrip-
tor for each scene segment as well as for each model view.
In our experiments, we have tested with the state-of-the-art
in 3D global description. In particular, we have compared
three methods:Oriented, Unique and Repeatable Clustered
Viewpoint Feature Histogram (OUR-CVHF) [26], Clustered
Viewpoint Feature Histogram (CVFH) [27] and Viewpoint
Feature Histogram (VFH) [28].

After that, each scene descriptor is matched to the database
of model views’ descriptors using fast indexing schemes -
again, the randomized kd-forest implementation included in
the FLANN library [25], retaining a certain number of nearest
neighbors for each descriptor. Finally, to obtain the estimated
6-DOF pose for each of such nearest neighbor candidates, the
pipelines using the VFH and the CVFH descriptors are paired
with the Camera Roll Histogram approach presented in [27].
Conversely, in the case of the OUR-CVHE, there is no need
to use such method, since OUR-CVFH already incorporates
a method to estimate the 6-DOF pose implicitly from the
description matching stage [26].

To improve the results, two additional stages are carried
out. As for the first one, the estimated 6-DOF pose for each
model instance found in the scene is refined by applying
the TCP approach [17]. As for the second one, the list of
model candidates associated to each scene segment which
was previously obtained via Nearest-Neighbor matching is re-
ordered by ranking each candidate based on the number of
point inliers shared with the corresponding scene segment.
This re-ranking, which is possible thanks to the fact that the
pose of each model candidate is now refined via ICP, allows
to weight the degree of match between each model candidate
and the scene segment. This matching is not based on the
similarity in the descriptor space, but on the fitting of the
two surfaces, which tends to bring in higher robustness. The
final step, usually referred in literature as Global Hypothesis
Verification [29], is carried out to improve the results by
discarding possible false positives arising from segmentation
artifacts recognized as object instances.

III. EXPERIMENTAL EVALUATION
In this Section we present all the results from the experi-
ments setup and the methodology developed in the previous
sections (II-D and II-E).
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A. Accuracy Results

1) Normality Results: First, the normality assumption of
the dataset was tested graphically with a QQ-plot (Figure 6)
and reinforced with the Anderson-Darling statistical test (Table
TII) the significance level employed for the critical value is the
default 5%.
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Fig. 6. QQ-Plot for Asus Xtion Pro (Left) and Kinect II (Right).

TABLE IIT
RESULTS OF ANDERSON-DARLING NORMALITY TEST.
Normality Test Statistic Critical value ~ P-value Result
Asus Xtion Pro 1198.00 0.75 < 10~%  Non-Normal
Kinect 1T 574.68 0.75 <10-%  Non-Normal

Tt is clear for both approaches (graphical and numerical) that
the non-normality assumption based on the presence of outliers
and thus the need for non-parametric statistical methods based
on robust estimators.

2) Statistical accuracy: In this section the statistical ac-
curacy of RGB-D sensors is analysed following a two-fold
process (Tables IV and V): (i) firstly, the non-parametric
bootstrap sampling is applied for assessing the registration
accuracy for both RGB-D sensors; (ii) secondly, the robust
estimators, median and BW MV, are computed for those 50
scenes simulated with the dataset proposed. The results for the
calibration scene demonstrate a better accuracy for the Kinect
II with about 15% and visually perceptible noise reduction,
that can be checked in (Figure 7). The higher accuracy yielded
by Kinect 1T is confirmed by the results shown in Table V,
providing better median and BW AV values. A color map of
the discrepancies for both devices is outlined in Figure 7.
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Fig. 7. Map of deviations.
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TABLE IV
RESULTS FOR ASUS XTION PRO WITH SAMPLE SIZE (N= 1000) AND
BOOTSTRAP ITERATIONS (B=1500) IN MM.

Accuracy measures Bootstrap Determination  Percentile  bootstrap
error conlidence interval

Median 2.168 0.115 1.932 to 2.371
SQRT Biweight Mid-  0.148 0.052 0.128 to 0.165
variance
25% quantile (Q25%)  0.899 0.047 0.816 to 0.996
75% quantile (Q75%)  5.107 0.329 4.435 to 5.721
25-75% interquantile  4.208 0315 3.548 10 4.801
(IQR)

TABLE V

RESULTS FOR KINECT II WITH SAMPLE SIZE (N=1000) AND BOOTSTRAP
ITERATIONS (B=1500) IN MM.

Bootstrap Determination  Percentile  bootstrap
error confidence interval

Accuracy measurcs

Median 1.886 0.086 1.722 to 2.065
SQRT Biweight Mid-  0.084 0.028 0.075 to 0.093
variance

25% quantile (Q25%)  0.854 0.047 0.758 to 0.947
75% quantile (Q75%)  3.622 0.135 3.317 to 3.886
25-75% 2,768  0.129 2.475 t0 2.995
interquantile(IQR)

Regarding the 3D reconstruction accuracy for the 50 scenes
(Figures 8 and 9) the higher quality of the Kinect II is
not demonstrated, due mainly to the reflections appearing on
the board. This is a known issue [30] affecting ToF sensors
since the reflections in the corners cause deformation in
the acquired scene. As a consequence, the Asus Xtion Pro
demonstrates higher accuracy in some scenes characterized by
the presence of a small number of objects. Since the aim for
the assessment is the replication of real working conditions
for object recognition, the effects of reflections between the
objects and the board cannot be dismissed from our analysis
by, e.g., removing the board.

—a—Kinect Il

~#—Asus Xtion Pro

Absolute Median Value (mm)

1 3 5 7 9 1113151719 21 23 2527 29 31 33 35 37 39 41 43 45 47 49
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Fig. 8. Absolute Median comparison.

For the scenes with just one object (1-24) the difference is
higher than the scenes having more than one object (25-44),
whereas in the scenes characterized by mixed object categories
(45-50) the trend is inverted, with the Kinect II providing better
results. This is because with more objects, the specularities
and reflections due to the board tend to be reduced, hence
less deteriorating the performance of the ToF-based sensor.
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Fig. 9. Robust estimator BWMYV comparison .

3) Spatial completeness: In order to assess the spatial
completeness of both RGB-D sensors under real conditions,
we compute the number of fitted points in the objects for all
the scenes. Figure 10 shows the results for the 50 scenes setup.
To compute the fitted points in each scene, we count only the
numbers of points in the objects that we want to use in the
scene.
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Fig. 10. Spatial completeness: fitted points for Asus Xtion Pro and Kinect

In this case the Asus Xtion Pro is capable to provide more
points, but this factor should not be taken into account as a
decision criterion as explained in section II-D3. The results
for the resolution comparison are presented in Figure 11.
The setup of this experiment is performed for the higher
spatial resolution available, to do this, the distance between the
artifact and the devices is the minimum acquisition distance,
in both cases 0.5 meter. Also, it is important to remark that the
angles between the artifact and the devices were minimized to
avoid possible occlusions.

To compute the results, the bottom layers from both devices
are extracted and compared with the ideal one. A simple
visual inspection confirms the higher resolution of Kinect 11
(Figure 11). To calculate the specific spatial resolution, firstly
is calculated the circle that fits the nearest points to the center,
and secondly the shortest distance from the center to the
acquired points is obtained. This radial distance is convert to
the chord of the slice with more points nearest to the center.
This is the real resolution of both devices, because is the
minimal distance that both devices can achieve. In the case
of the Asus Xtion Pro the radial distance obtained was 26.71
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Fig. 11. Resolution results for Asus Xtion Pro (left) and Kinect 11 (right).

mm, while for Kinect II the minimum radial distance was
19.17 mm. For the Asus Xtion Pro the result is 6.44 mm and
4.59 mm for the Kinect II.

4) Radiometric completeness: In this section the results for
the radiometric completeness are presented. Table VI shows
the ratio between the wrong colored points (points out) and
the fitted points (points in). To compare the behavior of
the sensors, different angles and distances were tested. In
particular, 3 distances (1.5 m, 0.95 m and 0.65 m) and 2
angles (90° and 45°) were chosen. As for the first position,
the sensor is horizontal with respect to the objects (90°),
whereas the second position (denoted in Table VI with ‘up’)
is characterized by an angle of 45° between the sensor and the
objects. As the results show, the radiometric performance is
higher for Kinect II than Asus Xtion Pro since the percentage
(O/) of wrong colored points is better for Kinect II for
all cases except for the 0.65 m distance. Furthermore, the
variation of the radiometric completeness ratio with different
distances is lower for Kinect II than Asus Xtion Pro. The
Kinect II achieved roughly the same results, while the Asus
Xtion Pro increased its ratio with the distance.

TABLE VI
RADIOMETRIC COMPLETENESS ANALYSIS FOR ASUS XTION PRO AND

KINECT IT.

Asus Xtion Pro (Points) Kinect II (Points)

Position(m) Out In O/ (%) Out In O/T (%)
0.65 2791 20681 135 2427 12325 19.6
0.65 up 4172 18866 2.1 2057 10133 203
0.95 3037 13396 22.6 1298 6928 18.7
0.95 up 3199 14088 227 1704 7802 21.8
1.5 2156 6686 322 694 3099 223
1.5 up 1760 6586 26.7 599 2969 20.1

B. Object Recognition results

1) Object recognition rate: As anticipated, we present the
comparison between both devices in terms of 3D object recog-
nition and 6-DOF pose estimation for real working conditions.
The pipeline presented in Subsection TI-E is applied to the
dataset presented with this paper, so to obtain the performance
in terms of recognition rate. Since 80 views are generated from
each of the 24 models, there are 1,920 possible candidates for
each segment in the scene (database in Figure 2). The dataset
includes 50 scenes, for a total of 126 different objects (the
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result of all the segmented objects in the scenes of the dataset).
To carry out the descriptor matching stage between model
views and scene segments, both L1 and L2 metrics were tested:
we chose the former due to the higher rate experimentally
demonstrated for this dataset. In Figure 12 the results for
the accumulated recognition rate at different values of model
candidates are presented. The accumulated recognition rate is
the number of recognized objects over the total objects (126
possibilities). This criteria has been evaluated for a maximum
number of nearest neighbors, denoted as ‘rank’. The ‘rank’
goes up to 14 instances, since for higher values, the recognition
rate is stabilized.

Figure 13 shows that by using a dataset acquired with the
Kinect II a higher recognition rate can overall be yielded
with respect to the dataset acquired with the Asus Xtion
Pro, although the difference between both sensors is small.
Comparing the results in terms of object categories, it can
be noted that two specific categories, i.e. basic shapes and
textured objects, yield worse performance with respect to
the other categories. In particular, the recognition pipeline
performs badly when objects at different scales are present
in the scene. This is intuitively expected, since no stage of
the deployed pipeline holds scale invariance with respect to
the object model. As for the textured objects, we address the
lower performance to the more similar geometry of the objects
included in such category with respect to those belonging to
the other categories. In addition, Figures 13 and 14 report
the results on two smaller versions of the original dataset,
respectively where the basic shapes (Figure 13) and the basic
shapes plus textured objects were removed (Figure 14). Both
Figures demonstrate that the recognition rate rises significantly
with respect to that shown in Figure 12, whereas the difference
between the two sensors still remain comparable to that
depicted in the case of the complete dataset.
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Fig. 12. Global recognition results.

2) Comparison in terms of 6-DOF pose estimation: To
carry out an evaluation in terms of accuracy of estimated 6-
DOF pose, we performed a comparison between the pose esti-
mated using the object recognition pipeline and that gathered
from the metrological arm (ground truth). It should be noted
that in the case of highly symmetrical objects (e.g. a sphere) it
is not possible to perform such evaluation in terms of rotation
accuracy. For those objects presenting such symmetrical shape,
only the 3-DOF pose (i.., in terms of 3D translation) is
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Fig. 13. Global recognition results without basic shapes.
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Fig. 14. Global recognition results without basic shapes and textured objects.

evaluated.

Table VII shows the results for the 6-DOF pose estimation,
in terms of mean error, calculated in terms of absolute values,
for each of the 6 degrees of freedom respectively. For each
sensor in this table, the pose error associated to all the correctly
recognized objects for the three evaluated 3D descriptors
(VHF, CVHF, OUR-CVHF) was averaged together. As we
can see the trend reported in the previous object recognition
experiment is confirmed also in this case, the Kinect II
resulting in a slightly higher accuracy with respect to the Asus
Xtion Pro both in terms of translation as well as rotation error.

TABLE VII
MEAN OF ALL OBJECTS RESULTS IN THE DATASET.

Asus Xtion Pro  Kinect II

X (mm) 6.79 5.80

y (mm) 6.29 5.84

z (mm) 5.04 4.66

Roll (deg.) 1.86 175

Pitch (deg.) 2.57 1.87

Yaw (deg.) 1.71 2.01

IV. CONCLUDING REMARKS

Through this article a detailed comparison between the
two generations of RGB-D sensors has been carried out,
evaluating together two popular sensors such as the Asus
Xtion Pro and the Microsoft Kinect II. More specifically, a
dataset with ground truth provided by a metrological arm
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has been specifically acquired so to quantitatively compare
the specific characteristics of both devices. This evaluation
allowed us to deduce some guidelines to be able to choose the
best device depending on the specific application requirements.
Overall, the Kinect IT has yiclded better results in the main
compared characteristics, although, as we demonstrated in the
statistical accuracy assessment, it can be severely affected by
the presence of reflections and specularities [30]. On the other
hand, the Asus Xtion Pro provides higher number of fitted
points but this higher value does not mean better results in
the object recognition framework. This is achieve thanks to
the higher resolution, which allows to the Kinect II with less
accuracy in some scenes and less number of points to get
better results; so the assumption exposed in section II-D3 is
verified. The Kinect II also provides less error in the mapping
between the depth and color frames, and it is more constant
with distance variations. It is also interesting to remark, that
the Kinect II is capable to work in outdoor condition of which
is a feature thath the Asus Xtion Pro is not capable. As for
the evaluation in terms of object recognition, the Kinect II
presents a slightly higher accuracy in terms of pose estimation
and higher object recognition rate. Finally it should be note
that the kinect II has better results, this results can be affected
in real scenes by the enviroment, but even with these issues
the Kinect Ii is capable of get better results in the computer
vision aplications.
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4.2. Aplicacion de vision artificial en registro de imagenes de

varias modalidades

Esta segunda seccion del capitulo contiene el articulo “Feature matching
evaluation for multimodal correspondence” publicado en la revista de alto
impacto “ISPRS Journal of Photogrammetry and Remote Sensing” en Mayo de
2017.

4.2.1. Resumen

Este articulo propone un estudio y evaluacion de diferentes metodologias
creadas para realizar un registro de imagenes con diferentes modalidades.
Definimos modalidades segun el espectro electromagnético en el que se
generan. Por ejemplo, (RGB) para el espectro visible, IRT para imégenes
térmicas correspondientes al espectro infrarrojo lejano, de intensidad o de rango
para imagenes laser o de profundidad en el espectro infrarrojo cercano o medio,
dependiendo del sensor. El articulo realiza una revision de las metodologias
utilizadas para realizar la comparacion en este contexto especifico. Finalmente
se presenta un nuevo algoritmo para la mejora en el registro de imagenes. Lo
primero que se realiza en este articulo es la creacién de un nuevo “dataset”
constituido por imagenes multimodales. La creacién de este “dataset” se ha
debido a las limitaciones de los “datasets” publicos actuales. El mismo incluye
las siguientes modalidades: imagenes termogréficas, imagenes de intensidad,
imagenes visibles (RBG) e imagenes de rango. Como segundo paso se
comparan diferentes algoritmos pertenecientes al estado del arte para la
deteccion de puntos caracteristicos (features detectors) y la correspondiente
descripcion de estos. El registro por plantillas o template matching es una técnica
comunmente utilizada para encontrar zonas de correspondencia entre imagenes
de diferentes modalidades, y en nuestro caso las hemos adaptado para crear un
meétodo capaz de resolver el registro de imagenes por caracteristicas (feature
matching) y poder compararlos con los métodos clasicos de registro por puntos
caracteristicos. En total se comparan 28 diferentes combinaciones de detectores
de caracteristicas y descriptores, evaluando su repetibilidad y su calidad a la

hora de completar el registro. Para ello, se han representado los resultados
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utilizando la Caracteristica Operativa del Receptor o (ROC- Receiving Operating
Characteristic), que es una representacion grafica de la sensibilidad frente a la
especificidad para un sistema clasificador binario segun se varia el umbral de
discriminacion. Esta curva se presenta para las 28 combinaciones de detector-
descriptor presentadas, resaltando las que han obtenido un mejor resultado.
Finalmente, un algoritmo llamado Adaptative Pairwise Matching (APM) es creado
para mejorar la robustez del proceso de registro utilizando la eliminacion de
“outliers” (puntos con malas caracteristicas) y se hace una comparacion del

algoritmo introducido con otros ampliamente utilizados.
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ABSTRACT

This paper proposes a study and evaluation of approaches aimed at image matching under different
modalities, together with a survey of methodologies used for performance comparison in this specific
context, and, finally, a novel algorithm for image matching. First, a new dataset is introduced to overcome
the limitations of existing datasets, which includes modalities such as visible, thermal, intensity and
depth images. This dataset is used to compare the state of the art of feature detectors and descriptors.
Template matching techniques commonly used to carry out multimodal correspondence are also adapted
and compared therein. In total, 28 different combinations of detectors and descriptors are evaluated. In
addition, the detectors’ repeatability and the assessment of matching results based on Receiving
Operating Characteristic (ROC) curve associated to all tested detector-descriptor combinations are
presented, highlighting the best performing pairs. Finally, a novel Adaptive Pairwise Matching (APM)
algorithm created to improve the robustness of matching towards outliers is also proposed and tested

Registration
Descriptor

1. Introduction

Determining similarity between visual data is necessary in
many computer vision tasks (Viola and Jones, 2001; Belongie
et al,, 2002; Tissainayagam and Suter, 2005; Zitova and Flusser,
2003). Methods for performing these tasks are usually based on
representing an image using some global or local image properties
(features) and comparing them using a similarity measure. How-
ever, most of the existing methods are designed for matching
images within the same modality or under similar imaging condi-
tions. They often fail when are applied to data acquired from differ-
ent sensor modalities or under different photometric conditions. In
such cases the sought pattern may exhibit linear or non-linear vari-
ations in the tone mapping due to changes in illumination condi-
tions, intrinsic camera parameters, viewing positions, different
modalities, etc.

The majority of matching strategies of image pairs follow a
methodology that has been well introduced in Zitova and Flusser
(2003). This methodology encloses four steps: (i) feature detection,

* Corresponding author.
E-mail addresses: mgesto@usal.es (M. Gesto-Diaz), federico.tombari@unibo.it (F.
Tombari), daguilera@usal.es (D. Gonzalez-Aguilera), luisloez8¢ .es (L. Lopez-
Fernandez), pablorgsf@usal.es (P. Rodriguez-Gonzalvez).

http://dx.doi.org/10.1016/j.isprsjprs.2017.05.007

within our evaluation framework.
@© 2017 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier

B.V. All rights reserved.

(ii) feature matching, (iii) transform model estimation and (iv)
image resampling.

In this paper, combinations of different state-of-the-art detec-
tors and descriptors are analysed to find which setup gives the best
performance in matching pairs of images which exhibit strong tone
mapping variations due to the aforementioned reasons. In addi-
tion, an adaptive pairwise matching (APM) approach is proposed,
aimed at outlier rejection to refine the transformation estimation.
To carry out this evaluation, a specific dataset is introduced, which
includes relevant application-wise combinations of different
modalities, such as depth data (acquired with a gaming sensor,
Kinect II) paired with thermal images. In the case of Kinect II, a
novel approach which registers directly depth to visible can avoid
the registration errors (Gesto-Diaz et al., 2015) presented in the
device between colour and depth and also allows to register the
Kinect device with multiple devices with different modalities, such
as thermal spectrum.

There have been different works on multimodal correspon-
dence based on self-similarity. In Huang et al. (2011) different
methods to build the self-similarity descriptor are compared and
applied in multimodal images (visible against LiDAR and visible
with different illumination conditions). In Bodensteiner et al.
(2010) a comparison to match local patch regions using descriptors
prone to multimodal image matching (Ml and self-similarity) is

0924-2716/@ 2017 International Society for Photogrammetry and Remote Sensing, Inc. (ISPRS). Published by Elsevier B.V. All rights reserved.
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applied. The modalities in this case were visible against infrared or
LiDAR. Heinrich et al. (2012) presented a new descriptor for match-
ing images with different modalities based on the principles of
self-similarity applied to medical imagery modalities. There are
also other studies presenting new breakthroughs to tackle multi-
modal matching. For instance, in Kim et al. (2014) authors propose
a new descriptor based on the frequency of self-similarity for
matching near-infrared and visible images. In Senthilnath et al.
(2013) a new feature matching descriptor, Discrete Particle Swarm
Optimization (DPSO), is introduced and combined with one key-
point detector. In Tombari and Di Stefano (2014) proposed a new
keypoint detector based on self-dissimilarity to find interest
points, applying this methodology also on a multimodal dataset.
Another contribution based on SIFT (Cheung and Hamarneh,
2007) introduces a new descriptor to match across medical images.
Other studies (Torabi et al., 2011), perform a comparison of several
descriptors used for multimodal matching (visible and thermal),
but they were paired to only one specific feature detector. In
Senthilnath and Prasad (2014) an interesting variation of the
framework for matching multimodal images based on SIFT and a
genetic algorithm for matching is presented.

On the other hand, several works have presented registration
alternatives to feature-based matching, most of them employed
in medical imaging. The idea of these approaches is to use some
kind of similarity among images, one of these approaches is Mutual
information (MI) developed by Viola and Wells (1997). When Ml
became popular some novel approaches were inspired, such as
the approach developed by Wachowiak et al. (2004) where a
method to register images based on the normalization of the Ml
was presented. The approach presented by Hel-Or et al. (2014) is
a method for pattern recognition in images with different modali-
ties, with an inspiration on MI but with a different approach, called
Multi Tone Mapping (MTM).

To the best of our knowledge, there is no work in literature
which takes into consideration a range of modalities (visible, ther-
mal, LiDAR intensity and depth images).

The detectors used in this work are the following ones: the well
established SIFT (Scale Invariant Feature Transform) (Lowe, 1999)
and SURF (Speeded-Up Robust Features) (Bay et al, 2006), and
more recent approaches such as ORB (Oriented FAST (Features
from Accelerated Segment Test) (Rosten and Drummond, 2006)
and Rotated BRIEF (Binary Robust Independent Elementary Fea-
tures) (Calonder et al., 2010; Rublee et al., 2011) MSD (Maximal
Self-Dissimilarities) (Tombari and Di Stefano, 2014). These detec-
tors are used in combination with several descriptors. Each
descriptor originally proposed together with the introduced detec-
tors is used. Except for the case of MSD that was proposed without
any specific descriptor. Some descriptors also are included in this
work that have already been used for multimodal correspondence
in previous works, e.g., LSS (Local Self Similarity) (Shechtman and
Irani, 2007) and HOG (Histogram Oriented Gradients) (Dalal and
Triggs, 2005). Furthermore, MI (Mutual information) (Viola and
Wells, 1997) and MTM (Multi-Tone Mapping) (Hel-Or et al,
2014) are two template matching solutions extensively used for
multimodal correspondence. To include them into our evaluation
framework these two popular techniques are adapted to work like
a descriptor. The 4 detectors (MSD, ORB, SIFT and SURF) combined
with the 7 descriptors (HOG, LSS, MI, MTM, ORB, SIFT and SURF)
provide 28 possible combinations for the comparison.

Finally, a novel Adaptive Pairwise Matching (APM) for pairwise
image matching is proposed. This method automatically selects the
best correspondences to determine the transformation estimation
between a pair of images, including an outlier removal method,
that can be RANSAC (Random Sample Consensus) (Fischler and
Bolles, 1981) or LMedS (Least Median of Squares) (Zhang et al.,
1995).

Importantly, public datasets for quantitative evaluation of algo-
rithms for multimodal correspondence are quite limited. For this
reason, we start by adopting the methodology and structure of
the dataset presented in Mikolajczyk and Schmid (2005) (here-
inafter referred to as Oxford dataset), which represents a reference
benchmark for pairwise image matching, but only contains pairs of
images acquired with an optical camera. Then, we add several
image pairs acquired under different modalities, hence obtaining
a bigger dataset, which we plan to publicly release upon publica-
tion of this work.! For what concerns the performance evaluation,
we present comparative results in terms of keypoint repeatability
for the evaluated detectors, as well as ROC curves for the evaluated
descriptors, and the number of images registered using the proposal
outlier rejection method compared to RANSAC and LMedS.

This paper has been structured as follows: Section 2 presents
the materials used to create the image dataset for multimodal
matching and the methods used to compare the detectors, descrip-
tors and the novel matching algorithm. The experimental results
are reported and discussed in Section 3, while final remarks and
conclusions are drawn in Section 4.

2. Materials and methods
2.1. Multimodal dataset

Fig. 1 shows a set of 10 image pairs that we have added to those
originally included in the Oxford dataset to perform our evaluation.
This accounts for a total of 15 images pairs.

The modalities taken into account in this dataset are: thermal,
visible, LiDAR intensity and depth images from a gaming sensor,
Kinect IL. The first four image pairs are visible with LiDAR. The fifth
image pair is depth image with thermal. Finally, five more images
pairs combining visible with LiDAR intensity images were
included.

These image pairs are from two different sources: one is a syn-
thetic, created virtually from a 3D real object with different
acquired modalities (the first four image pairs). For these cases of
synthetic images, it can be easily controlled rotation, scale and
shear to evaluate the behaviour of the detectors and descriptors
in the images affected for scale, rotation and shear. Please note,
that in this case, the ground truth is perfectly defined by the trans-
formation applied. In the remaining cases, the images have been
extracted from real cases, where a method to obtain the ground
truth with the transformation between each pair was used. In
these cases, the sensors and positions used for acquiring the
images are not the same, such as thermal and visible images;
therefore, the intrinsic and extrinsic parameters are different. In
addition to this, the tone mapping changes in a non-linear way
due to changes in illumination conditions and its different modal-
ity. To quantitatively compare different solutions on this dataset,
the ground truth represented by the transformation between each
image pair needs to be obtained. The transformation used as
ground truth is the fundamental matrix (Luong and Faugeras,
1996)

xR =0 It

where x and x" are vectors of matching points presented in both
images expressed in homogeneous coordinates.

This matrix (Eq. (1)) provides the transformation for a set of
matching points between a pair of images. The methodology for
the estimation of the fundamental matrix is the same as in
Mikolajczyk and Schmid (2005). The fundamental matrix between
the reference image and the other image in a particular dataset is

! Available for reviewing at http://tidop.usal.es/dataset/datasetmultimatching.7z.
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Fig. 1. Pairs of images selected for the multimodal matching dataset.

computed in two steps. First, a small number of point correspon-
dences are selected manually between the reference and the other
image. These correspondences are used to compute an approxi-
mate fundamental matrix between the images, and the other
image is warped by its fundamental matrix so that it is roughly
aligned with the reference image. Second, a standard robust funda-
mental matrix estimation algorithm (Bolles and Fischler, 1981) is
used to compute an accurate residual fundamental matrix between
the reference and warped image (using hundreds of automatically
detected and matched interest points). The composition of these
two matrices (approximate and residual) gives an accurate funda-
mental matrix between the reference and other image. The manual
selection from the first step of the points was devoted to dismiss
outliers in the fundamental matrix computation, so to obtain pixel
precision. Please note that the application of a refinement proce-
dure, in a multimodal case, could lead to higher errors that by
manual procedure. By a selection of a high number of points, and
their robust refinement, the final error propagation is in lower than
one pixel. This precision is higher than the required for the com-
parison method proposed by Mikolajczyk and Schmid (2005).

2.2. Methodologies

2.2.1. Detectors and repeatability

The workflow used for the comparison is presented in Fig. 2.
First, the detector is computed for each pair of images. Then, the
detectors find characteristic features, represented by points with
an associated size around it, called keypoints. With these keypoints
in both images, the repeatability can be calculated, as the ratio
between the correct keypoints and all keypoints in one image pair.
To establish if a feature has been presented in both images, the
method introduced by Mikolajczyk and Schmid (2005) is used. This

proposal consists in comparing the overlap of the meaningful
information provided for each keypoint. If there are enough over-
lap (in this work is the 65%) between the meaningful information
of both keypoints, it is assumed that these keypoints represent
the same feature in both images. To check if the same keypoint
is present in both images, a transformation of one of the images
needs to be computed, and then the overlap is estimated using
the (Mikolajczyk and Schmid, 2005) method. This transformation
is performed using the ground truth of the dataset.

2.2.2. Descriptors and ROC curves

Following the pipeline of Fig. 2, the next step consists in associ-
ating each previously retrieved keypoint with a descriptor, this
allowing to create a unique and defined feature for each keypoint.
Descriptors encode the local neighbourhood around the keypoint
in a way that is invariant or robust to transformations such as
scale, rotation or illumination changes. Afterwards, these features
are matched to the most similar one in its image pair, thus yielding
a set of correspondences. Finally, a ROC (Receiver Operating Char-
acteristic) curve is built to measure the precision and recall of the
retrieved correspondences.

It has been wused precision and recall expressed as
precision = tp/(tp + fp) and recall = tp/(tp + fn), where tp is the
number of true positive correspondences; fp is the number of false
positive correspondences and fn is the number of false negative
correspondences. These values are determined by means of a
threshold that spans the operating points of the curve. Specifically,
this threshold comes from a coefficient, k, multiplied by the max-
imal matching distance from all the correspondences. Particularly,
the coefficient, k, spans between 0 and 1 with a step of 0.1. For
example, the first point of the curve ROC has been calculated with
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all the correspondences with a distance lower than 0.1 of the max-
imal distance in the set of correspondences. Hence, precision is the
ratio between the number of correct correspondences over all
obtained correspondences that are over the threshold, while recall
is the number of correct correspondences from all features in the
image pair.

On the other hand, the adaptation of template matching (MTM
and MI) to feature matching was carried out as follows. Due to the
non-existence of descriptors in the case of MTM and MI, a compar-
ison between all the information associated to each feature in an
image pair was performed. For example, a feature encountered in
the first image of the pair needs to be compared with all the fea-
tures in second image. The correspondence is established with
the match with the minimum distance between descriptors.
Because of the variable sizes in features, some normalization works
needed to be performed as follows:

o First, for each keypoint in one image, a patch based on a size
provided by the detector is retrieved (left image in Fig. 3)

« Secondly, the patch is rotated (90° in the centre image Fig. 3)
according to the orientation provided by the detector.

o Finally the patch is normalized to a common size, being 16 x 16
in this work(right image in Fig. 3) following a bicubic interpola-
tion (Keys, 1981) over 4 x 4 pixel neighbourhood. This 16 x 16
value was chosen following the recommendations and the best
results shown in Hel-Or et al. (2014). The MI and MTM dis-
tances are computed among all the patches in the first image
with all the patches in the second image. A final set of corre-
spondences is created with the matched features between
images with the minimum distance.

2.2.3. Adaptive pairwise matching

In this section, a new algorithm for outliers removal and
improvement of the matching called Adaptive Pairwise Matching
(APM) is presented. The main goal of matching is to find a relation-
ship between the image pairs, normally represented with the fun-
damental matrix (F). The idea of APM is to reduce the great number

ROC CURVES MATCHING RESULTS ‘

Fig. 2. Pipeline used to compare detectors, descriptors and matching methods in multi-modal image pairs.

of outliers that usually the images with different modalities
enclose and improve the efficiency of the matching methods for
fundamental matrix estimators (e.g. the 8 Point algorithm)
(Hartley and Zisserman, 2003) with different outliers removals,
such as RANSAC (Bolles and Fischler, 1981) and LMedS (Zhang
et al,, 1995).

Algorithm 1. Adaptive Pairwise Matching(APM)

1: Input: Matches Image 1 to 2 (m1to2), Matches Image 2 to
1 (m2tol).

2: Output: transformation, inliers

3: procedure ADAPTATIVE MATCHING

4: maxdistanceltor — max(m1to2(distance))

55 maxdistancertol — max(m2to1(distance))

6: maxdistance — max( distanceltor, ertol)

7% fork := 0<1do

8: matchesltor — m1to2(distance < i + maxdistance)

9: matchesrtol — m2to1(distance < i » maxdistance)

10: Ratio Test

11: Symmetry Test

12: for all matchesltor do »{Retrieve all
common matches}

13: matches — matches1to2 = matches2tol

14: End for;

15: inliers — RansacTransformation(matches)

16: if inliers = thold break End if;

17: ke—k+01

18: End for;

19: if inliers = thold then
{Transformation refinement}

20: Transformation — RansacTransformation(inliers)
21: else

22: Transformation cannot be solved

23: End if;

24: End procedure;
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INPUT PATCH

Fig. 3. Patch Normalization for MTM and MI feature matching adaptation.

The first step of the algorithm consists in matching the features
in the images pair. To this end, a n-neighbour is conducted for all
features, this means, for each feature in one image, a number n
of the most similar features in the other image is retrieved. The
number of selected neighbours is based on the shortest distance
between features, and the total amount of matches is equal to
the number of keypoints multiplied by n (n = 2 in our evaluation).

Since we are taking into account only pair-wise image match-
ing, in order to improve the algorithm’s robustness, we perform
matching along both directions, i.e., using the first image as refer-
ence while searching for the best correspondences in the other
image, and vice versa.

Successively to the matching stage, we iterate in order to detect
outliers and reject wrong matches. Specifically, the algorithm iter-
ates around the distance of the input matches, so the best matches
can be selected. At each iteration, all matches under a certain
threshold are retrieved. At each iteration, this threshold is incre-
mented by 10% of the maximum distance found among all current
matches. Consequently, in each iteration step, the number of con-
sidered matches increases. The retrieved matches at each iteration
are tested to check whether they hold a consensus for a reliable
transformation between the image pair. To this aim, some tests
are performed at each iteration. Firstly, a ratio-distance test
between pairs of correspondences is performed similarly to the
one introduced by Lowe in Lowe (1999). In particular, for each
extracted point the distance ratio between the two best candidates
in the other image is compared with a threshold. If it is obtained a
low distance ratio, the match could be more distinguishable, due to
the difference of distances between them, being reduced the prob-
ability of a mismatch. According to the Probability Distribution
Function, a threshold >0.8 provides a good separation among cor-
rect and incorrect matches. Greater the ratio value, greater the

ROTATED PATCH

NORMALIZED PATCH

amount of matched points. After that, a symmetry test is per-
formed to retrieve just the matches presented in both directions
(left to right and right to left). The last test is to apply the classical
methods for outliers rejection (RANSAC or LMedS) in order to cal-
culate the transformation with the best and most reliable matches
available after the tests. If this last test returns a number of inliers
bigger than a threshold (thold), the iterative stage is terminated.
Finally, the algorithm calculates the final transformation between
both images based on the 8-point algorithm (Hartley and
Zisserman, 2003) using the inliers returned for the rejection
method.

One advantage of this approach is that besides RANSAC, other
algorithms such as LMedS can be used to reject the outliers and
can be implemented with any outlier rejection method. The advan-
tages of the APM algorithm is to use the best and most reliable
points, turning out very useful when dealing with complex multi-
modal images. To analyse the quality of this novel algorithm, it has
been compared with RANSAC and LMedS. This quality comparison
is performed by the number of pair of images that each algorithm
has been able to solve from the n nearest matched features in this
work n = 2) Fig. 2.

Finally a method for the comparison between RANSAC, LMeDS
and the APM method is performed. This has been done use the
method proposed in Senthilnath and Prasad (2014) where the
matching correspondence accuracy is obtained by checking the
number of inliers get for any of the methods compared against
the correct inliers checked with the ground truth.

3. Experimental evaluation

In this section, the results for all multimodal pairs have been
presented for detectors, descriptors and matching. Firstly, the

Table 1
Detectors repeatability grouped by categories.

Dataset Detector Dataset Detector

Oxford MSD SIFT ORB SURF Visible plus intensity MSD SIFT ORB SURF

No effect 0.371 0.187 0.356 0.256 No effect 0.696 0.361 0.436 0.7046

Scale Scale

15 0.371 0.187 0.356 0.256 15 0.685 0371 0.425 0.715

2 0.304 0.159 0.285 0.243 2 0.562 0.304 0.349 0.586

25 0.249 0.135 0.228 0.231 25 0.461 0.249 0.286 0.480

3 0.204 0.115 0.182 0.219 3 0378 0.204 0.234 0.394

Rotation Rotation

S| 0.315 0.166 0.299 0210 5 0.651 0.358 0.425 0.701

15 0.236 0.141 0.236 0.147 15 0.488 0.269 0.319 0.525

25 0177 0.106 0.177 0.110 25 0.366 0.201 0.239 0.394

35 0.133 0.079 0.133 0.082 35 0274 0.151 0.179 0.295

View Point Angle Change (Shear Effect) View Point Angle Change (Shear Effect)

10 0.268 0.145 0.260 0.182 10 0.553 0.305 0.361 0.596

15 0.201 0123 0.205 0.128 15 0415 0.228 0.271 0.447

20 0.150 0.092 0.154 0.096 20 0311 0.171 0.203 0.335

25 0.113 0.069 0.115 0.072 25 0.233 0.128 0.152 0.251

Visible plus Thermal MSD SIFT ORB SURF Depth plus Thermal MSD SIFT ORB SURF
0.604 0.395 0.554 0.580 0.158 0.074 0.108 0.250
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results corresponding to the repeatability of the detectors grouped
by modalities are presented in Table 1. The first case is for visible
plus Intensity (Laser-scanner) images, the second one is Depth
(Kinect II) plus Thermal images, the third one is visible plus Ther-
mal images and finally the case with the repeatability from the
Oxford dataset. The detectors are setup with the default parame-
ters. In the case of MSD, the default parameters are always used
except in the case of saliency, when the parameters are set to a
threshold of 100, in order to deal with enough points in all cate-
gories. The repeatability is the number of keypoints that represents
the same feature in both images over the total number of key-
points, spanning in the factor k defined in the previous section.
The results are grouped for the modalities matched. For example,
the first group is related to visible images with thermal images.
This has been done to find out which combination of detectors
and descriptors are more prone to match these modalities of

images and to avoid skewing the results for all images due to the
different behaviour.

3.1. Detectors and repeatability

In this section are presented the results for the detectors and its
repeatability for pairs of images, using the different modalities of
the four categories of the dataset (Table 1). The repeatability, as
it was mentioned in the methodology, was calculated using the
method proposed by Mikolajczyk and Schmid (2005). As a result,
we can analyse the behaviour of the algorithms used for the first
matching step, the detection of keypoints. For the case of Oxford
and Visible plus intensity the results for different rotations and
scale are presented. In the datasets visible plus Thermal and depth
sensor plus Thermal present variations in scale, rotation and shear .

Descriptors
SURF

-m-0n on=s

[l Je]

MTM LSS

W=0~00~00
onsz nIcH

wWxo

MmACH

Fig. 4. Qualitative results in the form of correspondences between a pair example for all combinations. In green the right matches and in red the wrong matches according to
the ground truth. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 5. ROC curves: (a) Oxford Dataset, (b) Visible plus Intensity, (c) Visible plus Thermal, (d) Depth plus Thermal.

The results show a similar behaviour for MSD and SURF, being
the detectors with a higher rate of repeatability. In theory, these
two detectors can provide better results for the feature matching.
Furthermore, it is necessary to confirm if the retrieved keypoints
represent an enough distinguishable feature. The results shows
that the influence of scale or rotation is lower compared with the
change of viewpoint. Due to this results for higher view of point
angle change, it will be hard to compute a correct matching
between these pairs of images. To do that, as anticipated in the pre-
vious section, a feature description with the 7 descriptors has been
calculated for each detector, with a final number of 28 combina-
tions. The features in one image are matched with the most similar
correspondence in its pair, creating a ROC curve based on the cor-
rect and wrong matches. In Figs. 5 and 6, the results are presented
grouped by categories such as in the case of detectors. It is neces-
sary to mention that in order to present a clear graph, only the two
best descriptors for each detector are presented; this makes a total
of eight results for each group.

3.2. Descriptors and ROC curves

In this section is analysed which combination of detectors and
descriptors provides a higher number of correct matches. An exam-
ple of the correct and wrong correspondences for a pair of images
with the 28 combinations can be found in Fig. 4, which shows an
example of true positives, in green, and false positives, in red,
and allows to see the behaviour of the combinations in different
aspects, such us, spacing of features, outliers and correct matches.
Fig. 4 shows that MSD and SURF detectors combined with SIFT
descriptor present a great number of correct matches against
wrong matches. However, this is not the case for the spacing of fea-
tures since almost all matches are concentrated in a specific area.
On the other hand, HOG descriptor presents better spacing in com-
bination with MSD detector but lower rate of true versus false pos-
itives correspondences. This step shows all the correspondences
presented before applying the APM algorithm. To make more visi-
ble the correct and wrong correspondences, just those correspon-

dences with a matching-distance lower than a 40% of the worst
matching-distance are outlined (Figs. 5 and 6).

Analysing the results of Figs. 5 and 6, it has become clear which
group of modalities can provide better results, being visible plus
intensity. This could be explained by the relationship between
the wavelength of the laser scanners (inside the interval of 0.5-
1.5 pm) with the visible images’ spectrum. On the other hand,
the results of visible plus thermal are not affected by this relation-
ship, so the results are explained by the detectors and descriptors
combinations only. The other groups present a lower response in
the ROC curve, being more difficult to achieve a correct matching.

Regarding the best detector, MSD is the one offering the best
ROC curve for all groups. This not only means that MSD provides
a bigger amount of common points, as seen in the case of the
repeatability (Table 1), also means that these points represent
more distinctive features. This fact has been proven by comparing
it with SURF; despite having a similar results in the category of
repeatability, MSD has been able to offer a bigger amount of cor-
rect matches. In relation to the others detectors, they obtained
similar results and consequently it is complicated to establish an
order of quality.

Concern to matches, the combination MSD plus SIFT is the one
returning the best results in almost each case. The combination
MSD plus HOG has shown good results in the Oxford Dataset case.
It can be deduced that the descriptors with the best results for
multimodal matching are SIFT, HOG and LSS, considering that,
among the 8 results (the two best descriptors for each detector),
one of them is always presented in the combination with the
detectors. The combination Depth plus Thermal offers the worst
results. It is hard to find a suitable scene for Thermal and depth
registration where a enough number of keypoints can be matched.
In particular, we would need a scene with different geometries (i.e.
shapes) and materials (i.e. temperatures) to become a good candi-
date for matching depth and Thermal images, respectively.

It has to be stressed that the use of MI and MTM as descriptors
did not produce the expected results. Both cases obtained a lower
performance in comparison to the classic solutions as SIFT. Besides,
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Visible plus Intensity View Point.

given the fact that this solution needs to make a template match-
ing with all the keypoints in order to conduct the match, it resulted
an inefficient and slow solution. In the part of Rotation, Scale and
Point of View change, we can see that the change of point of view
is more significant and give lower results for both cases. Also when
the change is higher the results go low. Can be analysed with more
details after computing the rate of correct inliers for the transfor-
mation. Also as can be deduced that in some cases the repeatability
and recall are low, being hard to accomplish the transformation,
that is why the matching process in multimodal images become
so hard.

3.3. Adaptive pairwise matching

The number of images pairs solved with RANSAC and LMedS is
reduced compared with the number of correct pairs solved for the
APM proposed algorithm. In Table 2 has been presented the com-
binations able to perform at least one pair.

The results have a clear correlation with the previous ones of
the ROC curves, where the combinations with higher repeatability
and precision have been able to match a higher number of images
pairs. Also is confirmed that the APM algorithm improves the
results from RANSAC and LMedsS, being this new approach more
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Fig. 6. ROC curves: (a) Oxford Dataset Rotation, (b) Oxford Dataset Scale, (c) Oxford Dataset View Point, (d) Visible plus Intensity Rotation, (e) Visible plus Intensity Scale, (f)

prone to the multimodal image matching. It is also clear that the
combination MSD plus SIFT gives the higher rank (ROC curves) in
the matching stage, making this combination the best for multi-
modal matching purposes.

Finally, from all the correct image pairs matched, a comparison
to see the rate of the correct outlier removal is presented. Using the
method proposal by Senthilnath and Prasad (2014). In Table 3 the
results are presented for all pairs correct matching in all the data-
sets present and also for the cases where a virtual modification of
one image was performed. Only the combinations that are able to
solve the transformation are presented, in the hard case, MSD

Table 2
Results for the matching stage(expressed in percentage considering the total of 15
image’s pairs).

Combination Descriptor + Detector APM RANSAC LMedS
MSD + SIFT 053 0.20 0.20
SUREF + SIFT 0.40 0.20 0.20
MSD + HOG 0.40 013 0.13
SIFT + HOG 0.40 0.13 013
SURF + LSS 033 013 0.13
SIFT + SIFT 033 013 0.13
SURF + ORB 033 013 0.13
MSD + LSS 033 013 0.13
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Table 3
The rate of the correct inliers for all the correct transformation estimations.
Dataset Oxford
Detector plus Descriptor APM RANSAC LMedS
MSD + SIFT 0.95 0.96 0.75
MSD + HOG 0.95 0.88 0.75
ORB + LSS 0.90 0.80 0.75
SURF + SIFT 0.90 0.80 =
Scale 1.5 2 %5 3
APM RANSAC LMedsS APM RANSAC LMedS APM RANSAC LMeds PM RANSAC LMedS
MSD + SIFT 0.98 0.92 0.80 0.94 0.93 0.70 0.90 0.80 0.95 0.95 0.80 0.65
MSD + HOG 0.90 0.90 0.75 0.91 0.90 0.72 0.89 0.81 0.95 0.95 0.78 0.75
ORB + LSS 0.88 093 0.81 0.88 0.90 071 0.88 0.78 - 0.78 0.78 -
SURF + SIFT 0.92 0.90 0.73 0.90 0.90 - 0.85 0.80 0.80 - - -
Rotation 5 15 25 35
APM RANSAC LMedS APM RANSAC LMedS APM RANSAC LMedS APM RANSAC LMedsS
MSD + SIFT 0.96 0.95 0.75 0.98 0.80 0.77 0.97 0.80 0.8 0.90 0.65 &
MSD + HOG 0.90 095 0.7 0.92 0.80 0.69 0.90 0.78 - 0.80 - -
ORB + LSS 0.93 0.95 0.80 0.97 0.85 0.70 0.90 0.82 - - - -
SURF + SIFT 0.88 0.95 0.78 0.90 0.88 071 0.80 = = = . =
View Point 5 10 15 20
APM RANSAC LMeds APM RANSAC LMedS APM RANSAC LMedS APM RANSAC LMedS
MSD + SIFT 0.96 0.95 0.75 0.98 0.80 077 0.97 - - - - -
MSD + HOG 0.90 0.95 0.7 0.90 0.80 - 0.90 - - - - -
ORB + LSS 0.93 0.95 0.80 0.85 5 - = =3 = = =
Dataset Visible plus Intensity
Detector plus Descriptor APM RANSAC LMedS
MSD + SIFT 0.95 091 0.80
MSD + HOG 0.95 091 0.80
ORB + LSS 0.94 0.90 0.75
SURF + SIFT 0.95 0.90 0.75
Scale 1.5 2 25 3
APM RANSAC LMedS APM RANSAC LMedS APM RANSAC LMeds APM RANSAC LMedsS
MSD + SIFT 0.98 0.92 0.80 0.94 0.93 0.70 0.90 0.80 0.85 0.90 0.80 0.65
SUREF + SIFT 0.90 0.90 0.75 0.91 0.90 0.72 0.89 0.81 0.85 0.90 0.78 0.75
ORB + SIFT 0.88 093 0.81 0.88 0.90 071 0.88 0.78 = 0.78 0.78 =
MSD + HOG 0.92 0.90 0.73 0.90 0.90 - 0.85 0.80 0.80 - - -
Rotation 5 15 25 35
APM RANSAC LMedS APM RANSAC LMedS APM RANSAC IMedS APM RANSAC LMedS
MSD + SIFT 0.98 091 0.80 0.91 0.80 0.75 0.95 0.90 0.75 0.70 0.85 - -
SURF + SIFT 0.90 0.88 0.87 0.85 0.95 0.77 0.95 0.80 0.75 0.80 - -
ORB + SIFT 0.95 0.80 0.81 0.75 0.95 095 0.77 0.75 0.69 0.88 = 2
MSD + HOG 0.80 077 0.83 = o = - = = o = =
View Point 5 10 15 20
APM RANSAC LMedS APM RANSAC LMedS APM RANSAC LMedS APM RANSAC LMedsS
MSD + SIFT 1.0 0.95 0.75 0.79 0.80 - - - - - - -
SURF + SIFT 1.0 0.95 0.75 0.80 = - - -~ - - - =
ORB + SIFT 0.8 - - - - - - - - - - -
MSD + HOG 0.75 - - - - - - - - - - -
Dataset Depth plus Thermal
Detector plus Descriptor AP RANSAC LMedS
MSD + SIFT 0.95 = =
Dataset Visible plus Thermal
Detector plus Descriptor AP RANSAC LMedS
MSD + SIFT 0.95 0.9 0.8
MSD + HOG 0.80 0.85 0.7

+ SIFT is the only one to achieve the transformation. In the cases
that there are several combination solving the transformation,
the best four are presented. As we can see the ratio of inliers using
the method APM is always higher compared with using only RAN-
SAC or LMedS. Also we can check that when exist some big change
of scale, rotation or viewpoint the success rate decrease.

4. Conclusions

This paper presents a survey and evaluation of multimodal
image matching techniques, together with a novel image matching

algorithm and a novel public multimodal image dataset. The
advantages of the dataset lie in its selection of modalities and in
its ground truth, which allows the verification of the work and
the results.

Several detector and descriptors have been tested, evaluated,
and ranked according to different multimodal cases. It has been
shown that the novel approach MSD offers a higher performance
than the classical approaches when detecting common points in
images of different modalities. The retrieved points with MSD in
combination with descriptors as SIFT, HOG and LSS have been able
to provide a huge number of correct matches; therefore, the
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estimation of the fundamental matrix has been easily solved. It is
worth to remark that the template matching techniques as MI or
MTM, which provided good results for template multimodal corre-
spondence, proved to be inefficient when working as the adapta-
tion to feature multimodal matching. Compared with the
matching between the same modalities, the results in multimodal
are clearly lower, since it is really difficult to match images with
different modalities and even more when there are some effect
such as rotation or point of view changes. Also the modalities com-
pared are not equally easy to solve. For example, in the case of vis-
ible against intensity the results are more easily compared than
visible and Thermal. It also should be noted that in the cases where
the scale, orientation and point of view are real and not simulated,
the results getting worse in terms of matching precision and recall.
This indicates that, these methods for multimodal matching should
be used in cases where the sensors do not have high changes. Last
but not least, it should be remarked that the worst case for multi-
modal matching is when images coming from depth and Thermal
modalities. In those cases where a virtual orientation, scale and
point of view change were applied, it can be noted, that the condi-
tion that more decreases the rate of the matching stage was the
variation of the point of view.

The new APM has proved to provide better results than the clas-
sical matching approaches based on RASAC or LMedS. This new
approach is prone for those cases where the combination detector
plus descriptor gives low precision and recall, and also confirm that
the best combination of detector and descriptor is MSD plus SIFT.
The main contribution of the APM compared to RANSAC or LMEDS
is that, the APM method offers a previous step to outlier rejection,
where the more unique features and more similar in the pair are
matched, increasing the quality of the matches before the outlier
rejection gives higher rate of success in the matching process, as
is shown in the matching correspondence accuracy. The APM strat-
egy has been, in some case, the only outlier removal method that
can solve images in some dataset, always using the detector and
descriptor MSD and SIFT, respectively.

Accordingly to the global detectors, descriptors and matching
repeatability analysis, it is concluded that the combination able
to provide better results is MSD plus SIFT. This combination has
been capable to offer more correct matches in every type of modal-
ity. Furthermore, MSD plus SIFT in combination with APM has
demonstrated to give the best results in terms of multimodal cor-
respondence. It should be noted too the higher number of inliers
using our approach in comparison with the case of RANSAC and
LMedS, even at 60% of the rate, this is clear in the way that it works,
that filters several matches before enter in the outlier removal
stage.

The future works are aimed to the enlargement of the public
dataset. Also, given its public nature, an improvement is expected
thanks to the participation of the scientific community in its eval-
uation. A promising research line, considering its great results, will
be the search of a complementary descriptor for MSD detector. Add
more detectors and descriptors prone to multimodal matching to
use in the comparison could be interesting. More images with real
scale, orientation and point of view, from two different sensors can
be also useful to improve this public dataset.
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5. Conclusiones y perspectivas futuras

En esta Tesis Doctoral se ha demostrado que las metodologias y procedimientos
desarrollados contribuyen a la comunidad cientifica aportando una comparacion
clara entre las dos generaciones de dispositivos. Primero se realiza un analisis
puramente metrolégico, aportando unos resultados claros y concisos utilizables
para ayudar a la decision en la eleccién del dispositivo. Ademas, se afiade una
comparacion en diferentes aplicaciones de vision artificial, haciendo énfasis en
la reconstruccion 3D, la deteccion de objetos y la fusidén de diferentes sensores,
tres aplicaciones de claro interés, derivadas de los requisitos definidos durante
la ejecucion del proyecto SICEMAM y que se ven representadas en los articulos
presentes en esta tesis. Con los andlisis del rendimiento de estos dispositivos en
diferentes aplicaciones de vision artificial se proporciona a la comunidad
cientifica un conjunto de premisas sobre las que trabajar en futuras
investigaciones. Durante el andlisis de rendimiento se han ido creando
diferentes herramientas, dispositivos y conjuntos de datos que aportaran
facilidades e informacion a los futuros investigadores en la rama. En estas
conclusiones se presentan las diferentes patentes y softwares que se han

desarrollado y que se presentan en el APENDICE B: Patentes y el

APENDICE C: Software.

A continuacion, tras alcanzar de forma satisfactoria los objetivos propuestos en
la linea de investigacion, se desarrollan en detalle las conclusiones derivadas de
cada una de las publicaciones cientificas y se describen las herramientas y
dispositivos que se han generado. Estas conclusiones son complementadas con

un desglose de las lineas de trabajo futuras.

5.1. Conclusiones

En relacion con la comparacion metrologica se obtiene una métrica y analisis
de los resultados obtenidos por cada uno de los dispositivos. Durante la
realizacion de este estudio metroldgico se ha desarrollado una herramienta (GS-
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MOD®) de captura con sensores de rango, en la que se puede incluir datos de
calibracion para obtener mejores resultados. Se comprueba de forma clara que
la segunda generacion obtiene mejores resultados que la primera. Se introduce
una caracterizacion del dispositivo en funcion de la distancia, formay angulo de
incidencia con precisidbn metrolégica. Se llega a obtener una modelizacién del
error provocado pudiendo ser este utilizado para prever el posible error en

diferentes medidas.

En relacion con la comparacion de rendimiento en la tarea de vision artificial
de reconstruccion 3D, se ha calculado una medida clara de la precisién en la
reconstruccion de escenas u objetos, asi como una medida real de la resolucion.
Se observa que a pesar de que la primera generacion tiene una mayor resolucién
tedrica en cuanto a numero de pixeles, la segunda generacion es capaz de
obtener mejor resolucién en capturas reales. Posiblemente esto se debe a la
interpolacién que hace en los célculos la primera generacion del dispositivo,
siendo esto imposible de comprobar ya que este calculo lo realiza un software
privado no accesible. Todo el trabajo realizado aqui y el conocimiento obtenido
se ha visto plasmado en la consecucion de una patente con nuamero
P201531242: DISPOSITIVO AUTONOMO DE GENERACION DE MODELOS
FACIALES EN TRES DIMENSIONES.

En relacion con la comparaciéon de rendimiento en reconocimiento 3D, se ha
observado que el dispositivo de segunda generacion obtiene mejores resultados
que el de primera generacion, tanto en tasa de reconocimiento como en
estimacion del posicionamiento del objeto, tanto en ambientes despejados, como
con oclusiones y para diferentes distancias y angulos. Estos datos nos han
ayudado a la eleccién de un algoritmo y dispositivo 6ptimo para la creacion de
una herramienta (Retrack®) para el reconocimiento de objetos con poca textura
y en ambientes con oclusiones, que posteriormente se ha utilizado en el proyecto
SICEMAM.

Respecto del registro multimodal de imagenes, se ha llegado a la conclusion
de que el registro de imagenes provenientes de espectros electromagnéticos
diferentes es un tema