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Abstract

Algorithms for localization and map building (Simultaneous Localization and
Mapping, SLAM) estimate the robot pose when it wanders an unknown envi-
ronment and at the same time build a map of this environment in an incre-
mental way. The initial objective of SLAM systems was getting autonomous
robots [83]. However, vision-based SLAM systems have a great potential out-
side the field of mobile robotics, such as augmented reality, wearable devices,
user interfaces, surgical procedures, among others, because they give a camera
the capability to work as a sensor of 3D position of general purpose.

Most of the visual SLAM systems use sparse features such as corners [16], [58],
edges [45], [81] or planes [78], and have as principal goal to localize the cam-
era. Dense techniques for localization and mapping do not use sparse features
of the environment but all the pixels of an image, getting high-quality maps.
For achieving real time performance concepts such as keyframes, bundle ad-
justment and parallel computing are used. Depth maps built with monocular
cameras are affected by conditions commonly found in real environments as
low-textured surfaces, very reflective or translucent objects and changes in
light conditions. Even when a depth sensor is used, depth maps can be noisy
and incomplete due to dark, very reflective and translucent objects, out of
range surfaces and occlusions. This situation affects negatively the dense re-
construction got by fusing raw depth maps.

In this doctoral thesis we propose a novel technique for enhancing depth maps
built with a monocular camera or obtained from a depth sensor, by integrating
depth data of an optimal model (shape prior) using a variational technique
that besides merging depth data of two sources, makes inpainting and de-
noising, generating a significant impact in the appearance and in accuracy of
the dense reconstruction, specially in the region of the object of interest. We
present two approaches for dense localization: frame-to-frame and frame-to-
model approaches, the algorithm for building a depth map with a monocular
camera, the optimization of the model w.r.t. pose, scale and shape, the pro-
posed technique for integrating the shape prior and the fusion of enhanced
depth maps for creating a dense reconstruction of the scene. We also present
the conclusions in each chapter, the general conclusions and future work.

Keywords. Dense information, localization, mapping, SLAM, variational
techniques, monocular camera, shape priors, 3D level-set embedding function,
Gaussian process latent variable models.



Resumen. Los algoritmos de localización y construcción de mapas (Simulta-
neous Localization and Mapping, SLAM) estiman la posición de un robot que
navega en un entorno desconocido y al mismo tiempo construye un mapa en
forma incremental. El objetivo inicial de los sistemas de SLAM fue obtener
robots autónomos [83]. Sin embargo, los sistemas de SLAM tienen gran po-
tencial por fuera de la robótica móvil, como en realidad aumentada, disposi-
tivos portables, interfaces de usuario, procedimientos quirúrgicos, entre otros,
debido a que dan a la cámara la capacidad de trabajar como sensor de posi-
cionamiento 3D de propósito general.

La mayoría de los sistemas de SLAM visual usan características dispersas como
esquinas [16], [58], bordes [45], [81] o planos [78], y tienen como principal ob-
jetivo localizar la cámara. Las técnicas que utilizan información densa para
localización y mapeo, no utilizan características dispersas sino todos los píxeles
de las imágenes, obteniendo mapas de alta calidad. Conceptos como marcos
clave, ajuste de rayos, y computación en paralelo, son usados con el fin de
lograr desempeño en tiempo real. Los mapas de profundidad construidos con
cámaras monoculares son afectados por condiciones comúnmente encontradas
en ambientes reales como superficies con poca textura, objetos muy reflectivos
o traslúcidos y cambios en la iluminación. Incluso cuando se emplea un sen-
sor de profundidad, la información puede ser ruidosa e incompleta debido a
objetos opacos, muy reflectivos o traslúcidos, superficies fuera del rango de
medida y oclusiones. Esta situación afecta negativamente la reconstrucción
densa obtenida al fusionar los mapas de profundidad sin procesar.

En esta tesis doctoral proponemos una técnica novedosa para mejorar los
mapas de profundidad construidos con una cámara monocular u obtenidos
con una cámara de profundidad, integrando información de un modelo óptimo
(shape prior) usando una técnica variacional que además de unir datos de pro-
fundidad de dos fuentes, hace inpainting y denosing, generando un impacto
importante en la apariencia visual y en la exactitud de la reconstrucción densa,
especialmente en la región del objeto de interés. Presentamos dos enfoques
para localización usando información densa: marco-marco y marco-modelo, el
algoritmo para construir mapas de profundidad con una cámara monocular, la
optimización del modelo con respecto a la posición, escala y forma, la técnica
propuesta para integrar el shape prior y la fusión de mapas de profundidad
mejorados para crear una reconstrucción densa. También presentamos las con-
clusiones en cada capítulo, las conclusiones generales y trabajo futuro.

Palabras clave. Información densa, localización, mapeo, SLAM, técnicas
variacionales, cámara monocular, shape priors, 3D level-set, modelos de pro-
cesos Gaussianos y variable latente.
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Chapter 1

Introduction

The problem of building a map and simultaneously localize a vehicle ( Local-
ization and Mapping, SLAM) was considered at the end of the 90s as the task
of giving a mobile robot, located in an unknown environment, the ability to
build a map in incremental way and at the same time estimate its location
w.r.t. this map [23].

A probabilistic approach was proposed initially [83], [82], and since then, it
has been used in a wide variety of systems, presenting through time some vari-
ations (the kind of sensor, the kind of filter, the features or descriptors, the
motion model, the measurement model, the data association, the matching
validation, the kind of environment, among others). This approach, coming
from the field of mobile robotics, is based on filters such as the EKF-SLAM
algorithm that uses the Extended Kalman Filter EKF, the Fast-SLAM algo-
rithm based on particle filter PF and the Sparse Extended Information Filter
SEIF.

Other approach, coming from the field of computer vision, is based on concepts
as key-frames, bundle adjustment, projective geometry, techniques of structure
from motion SFM and visual odometry VO, for building a representation of
the environment and estimate the camera pose, with global consistency. With
the increase in computing power, the second approach has presented consider-
able advances and impressive results, that overcome in accuracy and in quality
the maps got with filter-based systems [89].

In this chapter we present the evolution of the SLAM systems, general prop-
erties of visual SLAM systems, filter-based systems, keyframe-based systems,
and dense systems. Next, we present the definition of the problem of study,
the importance of this thesis, the objectives and the thesis outline.
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1.1 Evolution of the SLAM systems

The autonomy of mobile robots was the main goal of the systems developed
from the concept of SLAM that emanated in the IEEE conference on Robotics
and Automation, hold in San Francisco in 1986. In this meeting, probabilistic
methods were proposed for tackling the SLAM problem. The most outstand-
ing researches were Peter Cheeseman, Jim Crowley, Hugh Durrant-Whyte,
Raja Chatila, Oliver Faugeras and Randal Smith.

The first SLAM systems used ring of sonars, lasers and stereo cameras, cou-
pled to terrestrial robots, and the Kalman Filter as estimator of the state
vector, makes up of the robot pose and the features position. The sonar has
big lobules that constraint the measurements due to its high uncertainty in
the orientation of the data [51], [92]. The systems with the best performance
employed lasers but the maps were in 2D [35], [34], [63] .

The increase in computing power and the advances in computer vision (fea-
tures detection, data association, active search) made the camera the main
sensor in SLAM. The authors of [15] implemented the first SLAM system
with stereo vision based on the EKF filter and processing data at 5 Hz, been
able to build a map and control a mobile robot. The authors of [39] devel-
oped a system for mapping terrains using stereo vision as unique sensor and
the EKF. This implementation was sequential but did not run in real time.
An outstanding monocular SLAM system that uses the EKF is [14] and its
posterior work [16]. An outstanding particle filter-based SLAM system that
uses a laser is [56], and its enhanced version [57] that was implemented for
first time in a monocular system in [24]. Other systems have excelled for using
novel techniques such as Gaussian sum approximation [84], SIFT features and
FastSLAM [79], patch matching and planes-based maps [78], parametrization
with the inverse depth [8], large scale SLAM [66], bio-inspired techniques [54],
based on graphs [48], among others.

The first monocular SLAM systems, successfully developed as [15], [16] and
[8], have as main objective the accurate estimation of the camera pose for
navigation tasks and not a high quality reconstruction of the environment.
In these systems, few and sparse features of the scene are used. The sparse
monocular system of [16] enables applications of augmented reality but the
interaction with virtual objects is poor since most data of the images is not
used. The work [44] (PTAM) is the first one to propose a new approach,
different to filter-based systems, based on bundle adjustment of key-frames
(sparse frame-to-frame tracking approach), where tracking and mapping are
separated (run in two parallel threads). This work, with up to 6000 points
and 120 keyframes, defined a transition to dense representations of the scene,
like [60], [90], and [62]. Other kind of sensor, the RGB-D camera that delivers
both intensity and depth data at high frame rates, has been extensively used
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for building dense reconstructions and/or estimating the camera pose with
dense techniques in real time, as [61], [40] and [87]. These systems will be
analysed in section 1.2.3 and in several chapters of the thesis.

1.2 Visual SLAM

Most SLAM systems employ visual sensors, as a unique sensor or in combina-
tion with other sensors as depth cameras or inertial ones, due to its appealing
properties; these sensors are not limited to motions in a plane but it can cope
with 6 DOF, appropriate for working coupled to terrestrial, aerial [31] and
aquatic robots [43], and even can be moved by hand by a person [16]. More-
over, they have low weight, small size, and low cost, and provide more data
than lasers and sonars (e.g. the texture can be used successfully for recog-
nition and data association). For an appropriate performance, they require
constant light conditions, rich texture and that consecutive images have com-
mon elements (overlap).

Visual systems can use a perspective monocular camera [16], omnidirectional
monocular camera [53] or a multi-camera array [65]. Monocular systems pro-
vide accurate information about the orientation of the points and an indirect
measurement of depth, which does not have scale and requires multiple ob-
servations with the sensor in motion. The scale must be defined by observing
a pattern of known size or integrating other sensors [77]. The advantages of
monocular systems are: unlike stereo cameras, can work with close and distant
objects and they are available in mobile devices widely used as cellphones and
tablets.

1.2.1 Filter-based SLAM

The SLAM problem can be represented in probabilistic way as a density of a
joint probability, comprised of the robot state X in time k and of the features
position Y , given all the observations z1:k and all the commands of control
u1:k

p(Xk,Y |z1:k,u1:k). (1.1)

The robot state Xk and the environment state Y , make up the state vector
due to its high correlation (the error in the robot pose produces a common
error in the estimations of the features position). This correlation grows mono-
tonically as new observations are done, improving through time the knowledge
of the relative position of features, in spite of the robot motion [12]. The co-
variance matrix is in charge of summarizing and propagating the uncertainty
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of the robot and map information.

In order to describe the effects of the control and observations, a transition
model P (Xk|Xk−1,uk) and an observation model P (Zk|Xk,Y ) are required,
respectively. The most common way to represent these models is through a
model in state space with additive Gaussian noise, known as the Extended
Kalman Filter EKF, like is done in [8] with a monocular camera and in-
verse depth. An alternative representation consists in describing the transi-
tion model as a set of samples of a more general Non-Gaussian probability
distribution. This is done with the Rao-blackwellised particle filter or Fast-
SLAM, as in [24]. Other option is the Extended Information Filter [93]. In
the remaining of this section, we will focus on the EKF filter.

The main steps of the EKF are prediction and update. The prediction is based
on the transition model and the update is based on the observation model.
When the state vector and covariance matrix are updated, the camera pose at
time k and the features position are also updated (due to the high correlation
between all the features).

The computational cost of filter-based systems for propagating the joint prob-
ability distribution (defined by the state vector and the covariance matrix) ev-
ery time a new observation is done and the current state is updated, increases
considerably due to its quadratic dependence with the number of features.
This fact is the main problem of the EKF-based systems since the number of
features n managed in the map is limited drastically, like in [16] and in ours
[21], [19], making these maps inappropriate for applications that require high
quality representations of the environment as scene understanding in mobile
robotics or augmented reality where a rich interaction with the virtual objects
is needed. In [1] four methods for tackling the computational problem are
described: state augmentation [99], partitioned updates [47], [92], sparsifica-
tion [17], [27], [30] and sub-maps [66], [71]. Although good results have been
obtained, the focus keeps been the accuracy in the camera trajectory and not
the quality of the map.

1.2.2 Keyframe-based SLAM

SLAM methods that do not use filters carry out in parallel way (in two or
more CPU cores or in graphics processing units) the creation of the sparse
[44], semi-dense [25] or dense maps [62] and the estimation of the pose of
keyframes using techniques of visual odometry VO. When the frame-to-frame
approach for tracking the camera is used, either with sparse features or with
dense information, the consistency of the map is achieved by bundle adjusting
the data of the keyframes. On the other hand, when the frame-to-model ap-
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proach is used, bundle adjustment is not needed for simple trajectories (short
trajectories with the camera looking at the same scene) since the model, with
gathered data of the scene, is continuously observed. This fact will be anal-
ysed in chapter 2.

The advantage of keyframes is that discarding certain images and optimizing
just the information of keyframes, which can be done at lower frame rates,
eliminate the need of propagating the joint probability distribution, speeding
up the SLAM process, achieving performance in real time. With this approach,
just information of keyframes is included into the map [44]; the other images
are used for estimating the relative motion between them but this information
at the end is discarded.

1.2.3 Dense SLAM

Systems that use features, either filter-based or keyframe-based, have an im-
portant limitation: only information of these features can be used, discarding
most of the image data. By contrast, dense techniques use all the image data,
optimizing directly the intensity of the whole image (all pixels), achieving high
accuracy and robustness, specially in environments with few high-quality fea-
tures. Moreover, dense maps provide much more information than the sparse
ones, which is very useful in robotics and in augmented reality applications.

The concept of keyframes, initially applied to build sparse maps, has been used
for dense systems by incorporating equipments with high computing power.
The monocular system [60] is the first one in creating dense representations
based on techniques of SFM of PTAM [44] (sparse map with thousand of
points and sparse frame-to-frame tracking approach using bundle adjusted
keyframes). An initial base surface that approximates the real scene is fitted to
the 3D point cloud created with SFM. This model permits to make predictions
(synthetic images) that are compared with observed images (keyframe and a
set of comparison views). The vertices of the base surface are updated (de-
forming the surface) according to the correspondences between these images,
computed with variational optical flow. The system [90] creates in straight
way depth maps for selected keyframes using variational techniques and PTAM
[44] for tracking a monocular camera. Depth maps are computed by sequential
convex optimization by means of a primal-dual algorithm, a decoupling term
and a thresholding scheme. DTAM (Dense Tracking and Mapping) [62] is the
first monocular system that builds depth maps for selected keyframes and at
the same time estimates the camera pose by whole image alignment against
the entire dense model (frame-to-model tracking approach). The depth maps
are computed by solving an energy functional using a non-convex optimiza-
tion, with a decoupling term, the primal-dual algorithm and exhaustive search.
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There are also systems that create dense reconstructions and/or estimate the
camera motion with dense information, using a depth camera. The system [40],
an extension of the work [87] estimates the motion of an RGBD camera by
aligning two consecutive RGBD images (dense frame-to-frame approach). A
photometric error between the observed and a synthesized image is minimized
using a coarse-to-fine scheme. It includes a probabilistic formulation with a
constant velocity model and a robust sensor model based on the t-distribution.
KinectFusion [61] is the first system that fuses depth maps streamed from
the Kinect 1.0 into a volumetric grid and estimates the camera pose using a
coarse-to-fine iterative closest point ICP algorithm (frame-to-model tracking
approach) at real time, getting limited drift and high accuracy.

1.3 Definition of the problem

For building a depth map with a monocular camera its location for a set
of frames must be known, photo-consistency must be satisfied and the images
must have texture. However, real environments present changes in light condi-
tions and low-textured, very reflective or translucent objects. This fact breaks
the Lambertian condition (photo-consistency) affecting the estimated depth
maps. The regularisation term, like the Total Variation term in a variational
framework, tackles this problem to some extent, but under difficult conditions,
the estimations have low accuracy.

On the other hand, a depth sensor like the Kinect 1.0 estimates the depth of
a scene by projecting a pattern of infrared light and capturing the modified
pattern after reflecting on the objects. Dark, very reflective and translucent
objects, out of range objects and occlusions produce noise and black areas in
the depth map (missing data).

These noisy and/or incomplete depth maps, whether coming from a monoc-
ular or a depth camera, are fused for building a dense reconstruction of the
scene, affecting drastically the appearance and accuracy of the reconstruction,
specially in regions with certain particularities, such as low-textured, very re-
flective or translucent objects that are common in indoors as walls, windows,
glasses, screen of monitors, among others.

1.4 Importance of this thesis

In this section we present the importance of the subject of study, of the kind of
sensors, of the specific techniques, and finally, of the contributions developed
along this work.
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Dense localization and mapping systems do not use sparse features of the
environment as corners or edges but all the pixels of an image, achieving to
build high-quality reconstructions and high accuracy in camera pose, allowing
the system to carry out more complex tasks in mobile robotics such as path
planing, object detection and manipulation based on both visual appearance
and geometry, scene understanding, and also in other fields such as augmented
reality, wearable devices, video games, among others.

The monocular systems do not require neither heavy nor bulky sensors, just a
low-cost camera that can be easily coupled to aerial, terrestrial and aquatic ve-
hicles, and even be moved by hand by a person. Moreover, monocular cameras
can work in both indoor and outdoor environments and come with popular
mobile devices that most people use and with an increasing computational
power. Moreover, depth cameras based on infrared light are manufactured
with smaller size, lower weight and high frame rate, competing with monocu-
lar cameras in wearable applications in indoor environments. Finally, we have
to mention a third sensor, the stereo camera, that is specially used in dense
mapping systems in outdoors, although it behaves as a monocular camera for
distant objects.

We can also mention advantages intrinsic to dense techniques. 1. Image align-
ment is less prone to errors in camera pose than matching sparse features. 2.
The performance of image alignment for estimating camera pose is better than
sparse techniques when the images have blur. 3. The depth map creation does
not require to estimate the covariance matrix, unlike filter-based techniques,
and can be implemented on graphics processing units.

All these properties of dense techniques, of monocular and depth cameras
and the wide spectrum of applications, make them appealing. Our goal is to
contribute in the solution of an identified problem in the field of dense local-
ization and mapping using a monocular camera: the low accuracy of the built
depth maps in regions with low texture, and with very reflective or translucent
objects, in indoor environments where the light conditions are uncontrolled.
Some of these difficulties are common to depth maps obtained from a depth
sensor based on structured light so we extend the solution to this kind of data.

Our proposed solution, instead of working with alternative norms applied to
the standard data term and regularisation term, adds depth data from an
optimal model (object shape prior) that appears in the scene and constraints
the solution got with variational techniques to be similar to both the raw depth
map from the sensor and the depth data associated to the optimal model and
at the same time, constraints the solution to be smooth, getting finally an
inpainted, denoised and smoothed solution. Fusing enhanced depth maps in
the reconstruction process is important since the surface of the reconstructed
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model will be smoother and more accurate, especially in the region associated
to the object of interest.

1.5 Objectives

The main objective of this doctoral thesis is to make the monocular system
for dense localization and mapping more robust to difficult conditions such
as low-textured, very reflective and translucent objects, and changes in light
conditions, that produce depth maps with low accuracy in affected regions and
therefore low-quality dense reconstructions when these depth maps are fused.

The specific objectives are:

• Make a review in the state of the art of monocular algorithms for dense
localization and mapping.
• Develop an algorithm for estimating the pose of a monocular camera

using dense techniques, robust to low texture and changes in light con-
ditions.
• Develop an algorithm for building depth maps using a monocular camera,

robust to low texture and changes in light conditions.
• Implement the algorithms for dense localization and mapping in graphics

processing unit for improving their performance with respect to time.

1.6 Thesis outline

This document was structured in chapters associated to the proposed objec-
tives. Each chapter has an introduction, related work, the methodology carried
out, experiments, results, and conclusions. Figure 1.1 shows the constituent
parts of the system (for a monocular camera and for a depth sensor) and the
connections that define the interactions and dependences between modules.
In chapter 2 two dense localization approaches are described: frame-to-frame
and frame-to-model-vertices approach. In chapter 3 the problem that emerges
under certain circumstances in the process of depth map building, using the
decoupling approach with a variational framework, is described and quanti-
fied through the experiments. In chapter 4 the processes for model alignment,
truncated signed distance function TSDF estimation, model compression, di-
mensionality reduction and finding the optimal model (shape prior) w.r.t.
pose, scale and shape is described in detail, quantifying its accuracy with
synthetic and real data. In chapter 5 the shape prior is integrated into the
raw depth maps using a novel framework based on variational techniques and
the primal-dual algorithm, that besides merging depth data from two sources,
makes denoising and inpainting. Chapter 6 describes the fusion of enhanced
depth maps and quantify the improvements achieved by merging depth data
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of the shape prior. The final chapter summarizes the general conclusions, the
main contributions and describes the future work.

Figure 1.1: Proposed system for dense localization and mapping using shape
priors. On the left, the system works with a monocular camera. On the right,
the system works with a depth camera.
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Chapter 2

Dense localization Techniques

2.1 Introduction

There are three main frameworks in the literature about tracking the position
of a camera using dense information: frame-to-frame [40], frame-to-model-
vertices [61], and frame-to-model-TSDF [4]. In frame-to-frame approaches,
we can compute the relative transformation between the current image Ic and
a reference image Ir, given its corresponding depth mapDr, as follows. We use
an initial estimation of the relative position between the current and the refer-
ence image Tcr to create a warp image Iwarp that should resemble the reference
image Ir. We can then calculate the differences and correct the transformation
in order to reduce them. In a frame-to-model-vertices approach, the idea is to
estimate the pose of the current camera with respect to a continuously built
3D dense model. Given the current depth map at time k, a set of vertices
and normals can be calculated from it (Vk,Nk), respectively. From the model
and the current estimation of the camera pose w.r.t. the model we can make
a prediction of these elements (V̂k, N̂k). Again, comparing the observations
with the predictions we can correct the current pose estimation. Finally, in
frame-to-model-TSDF approaches the camera is also localized with respect to
the model but instead of predicting vertices and normals what is compared are
the values of the truncated signed distance function (TSDF) used to represent
the model.

The advantage of the model-based approach is that drift in the camera pose
is low if the model is continuously observed. In the case of the frame-to-frame
approach, the advantage is that a model is not required to compute the trajec-
tory of the camera. In that sense, model-based approaches are more similar to
Bundle Adjustment techniques whereas frame-to-frame ones to Visual Odom-
etry algorithms.

In this chapter, we focus on two of the three frameworks described above for
localizing a camera that moves freely with 6DOF: the frame-to-frame approach
and the frame-to-model-vertices approach. Our contributions in the tracking
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algorithm with the frame-to-frame approach are: 1. the use of a set of depth
maps available only for selected frames or "keyframes". In this way, we can
overcome the computational payload that commonly whips other visual local-
ization systems; 2. A two-steps process to localize the camera with respect to
the closest keyframe: 3D to 2D visual odometry followed by the image align-
ment. It results in high accuracy estimations even when using blurred input
images. The description of this approach can also be found in our chapter
of book [22] and in proceedings of LARS 2015 [18]. Our contributions in the
algorithm with the frame-to-model-vertices approach are: 1. A color manage-
ment algorithm, that allows the system to store color information around the
whole trajectory and get a model with full color data (this color management
algorithm will be described in more detail in chapter 6). 2. An algorithm for
propagating to the model information of detected objects and for managing
multiple instances of an object class, computing its location, a 3D bounding
box, and its probability. This algorithm for scene labeling is explained in our
paper [20].
In section 2.2 we analyse the most important sparse, semi-dense and dense
localization systems. In sections 2.3 and 2.4 we focus on the proposed tech-
niques for dense localization of a camera based on frame-to-frame and frame-
to-model-vertices approaches, respectively. Our experiments and the perfor-
mance of the algorithms implemented on a graphics processing unit are ex-
plained in section 2.5. Finally, we draw our conclusions in section 2.6.

2.2 Related Work

The system presented in [44] radically changed the filtering paradigm used
until that moment to non-linear optimisation techniques using bundle adjust-
ment over keyframes. This system is pioneer in balancing the computations
between two CPU cores, one for localization and the other for mapping, re-
spectively. As we mentioned before, keyframes are selected to reduce the com-
putational complexity of the optimization. It uses a Five-Point algorithm [88]
to initialise the system. Camera tracking is still carried out on the intermedi-
ate camera frames by re-projecting the estimated 3D points and minimizing a
photo-consistency error. Despite this approach is able to create very accurate
maps in real time, it represents the environment sparsely. The map can only
contain up to 6000 points and 120 keyframes. Nonetheless, this work repre-
sents a transition between sparse and dense systems.

Stuhmer et al. [90] proposed a mapping approach able to compute depth maps
from monocular images. The localization is based on bundle adjusting a set of
keyframes [44] on a CPU. The system can reach 24 fps for a depth map reso-
lution of 480×360 pixels. Similarly, the work in [62] builds high-quality dense
reconstructions of small environments using a GPU and a monocular camera
in real time. The camera is localized by aligning the current observed frame to
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a synthetic one coming from the model. The camera motion corresponds then
to the relative transformation that produces the best alignment between the
actual and the synthetic images. A pyramid of images is built to accelerate
convergence allowing faster motions of the camera. The initialization of the
system is similar to [44].

In [87] an energy-based approach is presented to estimate the rigid body mo-
tion of a handheld RGB-D camera for a static scene. The reprojection error
is defined such that the warped second image matches the first image, using
consecutive images of the trajectory. The authors minimize this non-convex
reprojection error by a sequence of convex optimization problems obtained
by linearizing the data term and solving the resulting normal equations in a
coarse-to-fine manner. This system is able to perform at 12.5 Hz on CPU. The
large scale direct monocular SLAM system LSD-SLAM [25] uses direct image
alignment and filtering-based estimation of semi-dense depth maps. Moreover,
the effect of noisy depth values is included probabilistically into tracking. The
global map is represented as a pose graph consisting of keyframes as vertices
with 3D similarity transforms as edges. The system detects loop closures and
scale-drift, and runs on real-time on a CPU.

KinectFusion [61] is the first system that builds a dense reconstruction of
room-sized scenes and simultaneously localize the camera at 30Hz, using the
Kinect 1.0, and one GPU. The model-to-frame tracking is based on coarse-
to-fine ICP. It minimizes the point-to-plain distance of points matched using
projective association rather than feature extraction and matching. The three-
level pyramid is built with vertex and normal maps from depth maps obtained
from the sensor and from the reconstructed model. Once the camera pose is
estimated, the depth maps captured with the sensor are fused and the model
is updated. Kintinuous [95] is an extension of KinectFusion [61] for working
in both room-sized environments and large-scale paths. The cost function in-
tegrates the cost of the RGB-D frame-to-frame tracking of [87] (implemented
on GPU), and the cost of the original model-to-frame ICP tracking of [61],
in order to tackle poor performance when the camera points to a flat wall or
corridors with no significant 3D features. They use a visual odometry system
called FOVIS [38], that relies on FAST feature correspondences in the RGB
images, and that automatically switches when a planar environment appears.
Unlike [61], Kintinuous integrates color information, getting full colored mod-
els. The color volume is updated based on KinFu [76], but with real time
surface coloring and rejection of unreliable color measurements. The next ver-
sion of Kintinuous [97] includes loop closure with pose-graph optimization and
non-rigid space deformation.

ElasticFusion [98] is a map-centric approach that builds a surfel-based map of
room-sized environments and tracks the camera with a dense frame-to-model
method that combines point-to-plane error and dense photometric error. It
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performs dense model-to-model local surface loop closures applying a non-rigid
space deformation of the map, instead of a standard pose-graph optimization.
Global loop closure is achieved with an appearance-based place recognition
method. ORB-SLAM2 [59] builds globally consistent sparse reconstructions
for long-term trajectories with either monocular, stereo or RGB-D inputs, per-
forming in real time on standard CPUs and including loop closure, map reuse
and relocalization. This system has three main parallel threads: the track-
ing with motion only bundle adjustment (BA), the local mapping with local
BA, and the loop closing with pose graph optimization and full BA. It uses
ORB features for tracking, mapping and place recognition tasks. With BA
and keyframes, it achieves more accuracy in localization than state-of-the-art
methods based on ICP or photometric and depth error minimization.

2.3 Dense Localization with Frame-to-Frame Approach

In this section we are going to explain the main processes developed for esti-
mating the camera pose using the frame-to-frame approach. Without loss of
generality, consider a sequence of images Ici , for i = 1 : m, gathered by the
camera. Our aim is to estimate the relative transformation Trnearci , at each
frame Ici , where rnear is the sub-index of the closest keyframe.

Next, we will describe the criteria for keyframe selection, the calculation of
an initial pose estimation, how to refine this estimation using a photometric
error obtained by aligning the warped and observed images, and finally, its
minimization using Levenberg-Marquardt.

2.3.1 Keyframe Selection

The mapping and global optimization is performed only for certain frames of
reference in order to achieve higher performance. These frames are known as
keyframes and are selected according to certain temporal and spatial criteria
[44]. For the sake of simplicity, fig. 2.1 shows an example of keyframes selected
based just on a time criteria. Each keyframe rj has a transformation matrix
Twr, an RGB image Ir and a depth map Dr. The system saves all keyframes
with its corresponding information, which allows it to initialize new keyframes,
estimate the relative pose of the current image Ic with respect to the nearest
keyframe and perform optimization for getting a consistent map and trajec-
tory.

We set thresholds to the displacement and to the change in orientation (no
time criteria): our system initializes a new keyframe when the displacement
with respect to any other keyframe is greater than 0.13 m or when the sum
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Figure 2.1: The camera trajectory is drawn in cyan. Keyframes rj are drawn
with their local coordinate systems. They are selected based on a time criteria,
e.g. for every nine images a new keyframe is initialized.

of changes in orientation with respect to the last keyframe (around X, Y and
Z axis) is greater than 30 ◦. Thus, if the displacement and change in orienta-
tion of the camera is smaller than these thresholds, no new keyframes will be
initialized. In this way, the map is compact in the sense that it does not grow
arbitrarily with time due to little or no motion, even with repeated motion in
restricted areas as we will see in the results section.

The camera trajectory is obtained concatenating relative transformations, e.g.
Twr1Tr1r2Tr2r3 ...Trj−1Trj

Trjci , where the world coordinate system corresponds to
the coordinate system of the first keyframe, therefore Twr1 = [I 0]. For the
following images Ici , the position of the previous image is used to define the
nearest keyframe. The estimation of relative motion is performed considering
the correspondence between the RGB image associated to the nearest keyframe
and the current image. The pose of the new image is defined as TwrnearTrnearci .

2.3.2 Initial Pose Estimation

We compute an initial estimation of the camera motion with a sparse tech-
nique. We are interested in 3D to 2D methods where the transformation Tcr is
computed from correspondences between 3D points Xr and 2D points pc. Xr

can be obtained from the depth map Dr associated to the reference image Ir,
it means, the image taken from the keyframe. We use the depth map loaded
from the dataset of A. Handa [36]. In Fig. 2.2 we can see the RGB image Ir
and its corresponding depth map Dr.
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(a) RGB image from the
dataset. This is a syn-
thetic environment with
small camera motions.

(b) Depth map from the
dataset. It is used just for
keyframes.

Figure 2.2: (a) Perfect ray-traced RGB Image and (b) depth map from the
dataset of A. Handa [36]. They are used for computing the initial pose esti-
mation and for the posterior refinement.

We apply a SURF feature detector and a SURF descriptor extractor to Ir
and to Ic. Then a matcher based on the FLANN algorithm computes the
matches between SURF descriptors of both images. The matches are validated
if they fulfil three conditions. The first one is that the distance between the
two matched descriptors is smaller than a threshold. The second one is that
the correlation index between a patch around the descriptor in Ir and the
descriptor in Ic is greater than a threshold. The final one is that the matches
are inliers when the fundamental matrix is computed using RANSAC. This
means that the descriptor in Ic must lie on the corresponding epipolar line.
We set the threshold in distance to five times the minimum distance between
all matches and the correlation index threshold to 0.7. Finally, as the goal
is to find Tcr that minimizes the image reprojection error, we apply a solver
based on PNP algorithm that uses RANSAC for outlier rejection

arg min
Tcr

∑
h

||phci − p̂
h
rj
||2 , (2.1)

where p̂hrj is the reprojection of the hth 3D point Xh
rj

into image Ici according
to the transformation Tcr. The transformation of a feature phrj with 2D co-
ordinates µ = (u, v) to a spacial coordinate Xh

r and the transformation of a
spacial point Xh

c = TcrX
h
r to a point in the image plane ci, p̂hrj , are described

in subsection 2.3.3.

2.3.3 Pose Refinement

The goal of the localization algorithm is to estimate the relative transformation
matrix between two camera poses Tcr (fig. 2.3) using all the depth data Dr

of the associated keyframe and all the intensity data of Ir and Ic.
The current image is warped with the transformation Tcr in order to compare
it with the reference image. In case the transformation Tcr is the true 3D
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Figure 2.3: Current image Ic and reference image Ir with their corresponding
local and global coordinate systems. The transformations that relate coordi-
nate systems are drawn in red.

Figure 2.4: Alignment between reference and warped images. The residual
depends on the estimation in motion.

transformation between the two cameras, the warped images Iw and Ir should
be identical and the residual should be zero [2]. Figure 2.4 shows how the
residual decreases for a more refined estimation in motion.
The warping consists in projecting the reference depth mapDr into 3D space,
transforming by Tcr and projecting back into the current image Ic. Algorithm
1 summarizes the steps of this process. K is the intrinsic calibration matrix,
π represents the function that computes normalized homogeneous coordinates
and µ̇ is the homogeneous version of the coordinate in the image plane. A
residual function is defined as the difference between Ir(µ) and Iw(µ),

r(Tcr,µ) = Ir(µ)− Ic(Kπ(TcrDr(µ)K−1µ̇)) . (2.2)

Since the depthDr(µ) is known, Tcr is defined as the argument that minimizes
the residual function. Tcr is a homogeneous transformation matrix defined by
a rotation matrix Rcr and a translation vector t,

34



CHAPTER 2. DENSE LOCALIZATION TECHNIQUES

Data: Current Intensity Image Ic, Reference Depth Image Dr, Transformation
Tcr and Intrinsic Matrix K.

Result: Warped Image Iw.
1 Transform coordinates in the image plane Ir to spacial coordinates:
Xr(µ) = Dr(µ)K−1µ̇

2 Change of coordinate system: Xc(µ) = TcrXr(µ)
3 Transform spatial coordinates to coordinates in the image plane: µ́ = Kπ(Xc),

where π(Xc) = (Xn, Yn, 1)T =
(
Xc
Zc
, Yc
Zc
, 1
)T

4 Compute the warped Image: Iw(µ) = Ic(Kπ(TcrDr(µ)K−1µ̇)) = Ic(µ́)
Algorithm 1: Warping an Image

Tcr =
[
Rcr t
0 1

]
. (2.3)

The vector ξ = (w,v) represents the relative transformation matrix Tcr with
the smallest possible number of parameters. The orientation of the vector
w = (w1, w2, w3) defines the axis of rotation and the magnitude of the vector
defines the amount of rotation. The vector v = (v1, v2, v3) corresponds to the
translation t rotated over w.
An exponential mapping between the 6-element vector ξ in the Lie algebra
se(3) [94] to members of the group SE(3) is made, like in [44] with a motion
model and feature association (sparse techniques) or in [62] using a dense
estimation of rotation [53] and image alignment. Computing the exponential
mapping involves the operator [.]x, which maps a vector to its skew matrix,

expSE3([ξ]x) = Tcr , (2.4)

where [ξ]x is

[ξ]x =


0 −wz wy vx
wz 0 −wx vy
−wy wx 0 vz

0 0 0 0

 . (2.5)

The updated transformation Tcr is expressed as the product of an initial trans-
formation T0 and an update in the motion vector dξ = ξ − ξ0, that is,

Tcr = dT ∗ T0 = expSE3([dξ]x) ∗ T0 . (2.6)

In this way, the singularities are avoided since the incremental update is cal-
culated in the tangent space around the identity (i.e. it is always very small)
and mapped back onto the manifold SE(3). With this transformation, the
residual defined in eq. (2.2) is
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r(ξ,µ) = Ir(µ)− Ic(Kπ(expSE3([dξ]x)T0Dr(µ)K−1µ̇)) . (2.7)

Finally, the localization problem consist in finding ξ that minimizes the fol-
lowing cost function:

min
ξ

1
2

∫
[r(ξ,µ)]2dµ . (2.8)

This is a non-linear minimization problem that we solve with Levenberg Mar-
quardt [37]. Since r is non-linear and non-convex in ξ we linearize it using a
first order Taylor expansion:

r(ξ) ≈ r(ξ0) + dr(ξ)
ξ

ξ0(ξ − ξ0) . (2.9)

The quantity dr(ξ)
ξ

is the Jacobian of r and is given by

J =


∇r1(ξ)T
∇r2(ξ)T

...
∇ri(ξ)T

 , (2.10)

where ∇ri(ξ) is the derivative of the ith component of the residual vector.

Computation of the Jacobian

Lets define a function W for the warping process

W (ξ,µ) = π(
p1n︷ ︸︸ ︷

KexpSE(3)([dξ]x)T0Dr(µ)K−1µ̇︸ ︷︷ ︸
p1

) , (2.11)

where π(X) =
(
x
z
, y
z
, 1
)T

, p1 denotes the transformed point and p1n is the
transformed back-projected (normalized) point. The residual can be written
as

r(ξ,µ) = Ic(W (µ, ξ))− Ir(µ) . (2.12)

The derivative of the residual can be written using the chain rule,

dr(ξ)
dξ

= dIc(W (ξ,µ))
dW (ξ,µ) W (ξ0,µ)

dW (ξ,µ)
dπ

p1n

dπ(ξ,µ)
dξ

ξ0 . (2.13)

The first term dIc(W (ξ,µ))
dW (ξ,µ) W (ξ0,µ) is just the image gradient of the warped image

∇Iw(µ). The second term involves the projection π(�) and therefore
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dW (ξ,µ)
dπ

p1n =
[

1
z

0 −x
z2

0 1
z
−y
z2

]
. (2.14)

The third term dπ(ξ,µ)
dξ ξ0 =

[
dπ
dwx

dπ
dwy

dπ
dwz

dπ
dvx

dπ
dvy

dπ
dvz

]
. Putting together all these

derivatives, it becomes

dπ(ξ,µ)
dξ

ξ0 = K

 0 pz −py 1 0 0
−pz 0 px 0 1 0
py −px 0 0 0 1

 . (2.15)

The first 3× 3 submatrix is the negative skew matrix of the vector p1 and the
second 3× 3 submatrix is the identity matrix. Equation (2.15) simplifies to

dπ(ξ,µ)
dξ

ξ0 = K [−[p1]xI3] . (2.16)

Now that the Jacobian was defined, the variation in the motion vector dξ can
be obtained by solving eq. (2.17).

JTJdξ = −JTr. (2.17)

For the Levenberg-Marquardt method the Hessian can be approximated by
JTJ+αI. For a large α the method approaches the Steepest Descent method,
while for a small α the method approaches the Gauss-Newton method. Gen-
erally, the Steepest Descent works better further away from the local minima
and the Gauss-Newton approximation works better close the local minima
where the quadratic approximation is good [2]. We start with a small initial
value of α, α = 1e − 3. After each iteration, the new cost is compared with
the previous cost. If the cost has decreased, α is reduced by a factor of 10 and
the parameters are updated. If the cost has increased, the parameters are not
updated and α is increased by a factor of 10. Solving eq. (2.17) is efficient
because we just need to invert a 6× 6 matrix and use dξ in eq. (2.6).

2.4 Dense Localization with Frame-to-Model Approach

In this approach, the Iterative Closest Point ICP algorithm, based on the
point-to-pane distance, is used for estimating the relative transformation be-
tween Ic and Ir. For using ICP we need to compute at time k a predicted
depth map from the 3D model updated in time k− 1. Next, the computation
of the predicted depth map and the ICP algorithm are explained.
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(a) Dense reconstruction with color of
the scene, rasterized for getting a 2D
representation.

(b) Depth map obtained from Z-buffer
of OpenGL, which is used for frame-to-
model ICP in the tracking process.

Figure 2.5: (a) 3D model and its visualization on a screen. (b) depth map
obtained from Z-buffer of OpenGL. Dark regions correspond to space outside
the grid of voxels.

2.4.1 Rasterization

Our system does not perform ray casting for getting a depth map from the
model like [61] but marching cubes and rasterization [68], taking advantage of
a depth buffer available in OpenGL and the estimations in camera pose. Ras-
terization is a technique used for displaying 3D models, represented as a set of
polygons, on a screen (see fig. 2.5(a)). The vertices of the polygons are pro-
jected on a 2D plane (viewer’s monitor), knowing the relative transformation
between the model and the camera Tcam,model. OpenGL overrides the depth of
the pixel with the depth of the closest object (see fig. 2.5(b)). No information
exists outside the volumetric structure defined by the user for reconstructing it.

The frustrum is defined by Znear, Zfar and vertical field of view VFOV. The
range of depths Ź stored on the z-buffer is [0, 1]. Objects outside the frustrum
will not be rendered. After a perspective projection,

Ź = Zfar + Znear
2(Zfar − Znear)

+ 1
Z

(
−ZfarZnear
Zfar − Znear

)
+ 1
Z

(2.18)

where Z is the real depth. Solving for the real depth, we get:

Z = 2ZfarZnear
(Zfar + Znear)− 2(Ź − 1/2)(Zfar − Znear)

(2.19)

We defined Znear as the focal length (in metric units), Zfar = 100m and the
vertical field of view as

VFOV = 2atan
(

0.5Height
fy

)
(2.20)
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2.4.2 Dense ICP

Dense ICP is appropriate due to two reasons. First, the camera motion at
frame rate is small, so we can use fast projective data association to obtain
correspondences and point-to-plane metric for pose optimisation, like in [61].
This fact makes dense ICP compatible with depth cameras since these de-
vices deliver depth maps at high frame rates. Second, these algorithms are
highly parallelizable so an important speed up is obtained when implemented
on GPU.

Figure 2.6: Diagram of the frame-model based tracking. The vertex map in
k − 1, obtained from Z-buffer of OpenGL, is aligned with the vertex map,
computed from the measured depth map.

The general diagram of the frame-to-model tracking is shown in fig. 2.6.
For each depth map, whether estimated from the model, D̂k−1(µ), or ac-
quired from the sensor, Dk(µ), we compute a vertex map and a normal map,
V̂k−1(µ), N̂k−1(µ) and Vk(µ),Nk(µ), respectively. The vertex map is com-
puted as,

Vk(µ) = Dk(µ)K−1µ̇, (2.21)

where the dot over a vector denotes homogeneous vector. In this case µ̇ is
the homogeneous version of the coordinate in the image plane. The normal
map is computed as the cross product between two vectors obtained from the
neighbours of the current vertex in µ,

Nk(µ) = υ[(Vk(u+ 1, v)− Vk(u, v))× (Vk(u, v + 1)− Vk(u, v))] (2.22)
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where υ[x] = x
‖x‖2 , it means, a unit normal vector. Next, we transform the

vertex from a local coordinate system to a global one

V w
k (µ) = TwckV̇k(µ) (2.23)

Energy Function

E(Twck) =
∑
µ∈Ω
‖(TwckV̇k(µ)− V̂ w

k−1(µ̂))TN̂w
k−1(µ̂)‖2 (2.24)

Equation (2.24) is a global point-to-plane energy, that uses global coordinates
for vertices and normals, and a L2 norm of the error, having as argument
to minimize the transformation Twck . This energy aligns, using Levenberg-
Marquardt, a live surface (Vk,Nk) with a predicted surface from the model in
the previous step (V̂k−1, N̂k−1) by penalizing long distances between the vertex
Vk and the tangent plane to vertex V̂k−1 (see fig. 2.7). The correspondences
are computed by projecting the vertices obtained from the depth sensor in
time k to the image plane of camera in time k− 1, using an estimation for the
frame-to-frame transformation T iter

k−1,k = T−1
wck−1

T iter
wck

,

Figure 2.7: Graphical interpretation of the point-plane optimization. The
vertex Vk (in red), obtained from the measurement, is moved in order to reduce
the distance to the tangent plane of vertex V̂k−1 obtained from the model.

û = Kπ(Tk−1,kV̇k). (2.25)

Transformation Update

We initialize the iterative optimization with T 0
wck

= Twck−1 . The global camera
transformation is updated, assuming a small change in position and orienta-
tion, by pre-multiplying an incremental transformation to the current estima-
tion,
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T iter
wck

= T iter
inc T

iter−1
wck

(2.26)

where

T iter
inc =

[
Riter|titer

]
=

 1 α −γ tx
−α 1 β ty
γ −β 1 tz

 (2.27)

This rigid body transformation can be written as a 6-elements vector,

x = [α, β, γ, tx, ty, tz] (2.28)

With this new transformation, a new vertex map, that reduces the alignment
error, is computed,

V w
k = T iter

wck
V̇k(µ) = RiterV w

k + titer, (2.29)

Expressing eq. (2.29) using the motion vector x (eq. (2.28)) we get:

V w
k = G(µ)x+ V w

k (2.30)

where G(µ) consist of the skew-symmetric representation of V w
k and a 3 × 3

identity matrix,

G(µ) = [[V w
k ]×|I] (2.31)

The energy of a linearised version of eq. (2.24) can be expressed in terms of
the motion vector x, and the minimisation problem results

min
Twck

E(Twck) =
∑
µ∈Ω
‖(G(µ)x+ V w

k − V̂ w
k−1(µ̂))TN̂w

k−1(µ̂)‖2
2. (2.32)

Derivating the objective function with respect to the motion vector x and
setting to 0, a symmetric linear system of 6 × 6, for each correspondence, is
obtained (see [61] for more details):

∑
Ω(µ)6=null

(ATA)x =
∑
ATb (2.33)

AT = G(µ)TN̂w
k−1(µ̂) (2.34)

b = N̂w
k−1(V̂ w

k−1(µ̂)− V w
k (µ)) (2.35)

We built a 3-level pyramid, with a scale of 0.5 between levels. The data
association based on perspective projection and the optimization based on the
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point-plane metric is performed in each level, and the result in the coarsest
level is used as initial value in the iterative optimization on the following
finest level, using Levenberg-Marquardt. With this scheme we achieve a faster
convergence in the finest levels (where the computations take more time), and
better estimations when faster camera motion occurs.

2.5 Results

In this section we present the results for both frame-to-frame approach and
frame-to-model approach, considering the accuracy and the performance with
respect to time. For the first approach we also evaluate the convergence of the
algorithm when the coarse-to-fine scheme is used.

2.5.1 Results with the Frame-to-Frame Approach

The dense localization algorithm runs on a laptop Hewlett Packard with a
processor Intel Core i7 - 2.2 GHz, 11.7 GB of RAM memory, a graphics
processing unit NVIDIA GEFORCE 755M and Ubuntu 14.04 as operating
system. OpenCV is employed for processing images, OpenGL for drawing
the camera trajectory and the keyframes, and Cuda 6.0 for getting a better
performance using a GPU. The following analysis is made using the synthetic
RGB-D dataset of A. Handa [36] and is based on three criteria; accuracy,
convergence and time.

Accuracy

The accuracy in the camera position is quantified using three datasets; two of
them consist of perfect ray-traced images taken at 20 fps and 60 fps and the
last one consists of images with motion blur and noise, taken at 60 fps (60 fps-
blur). We define the error as the Euclidean distance between the ground truth
in trajectory and the estimated one. Figure 2.8(a) shows the estimated tra-
jectory (in orange) and the ground truth (in green) for the 60 fps dataset,
obtained in OpenGL and drawn incrementally as the relative transformations
are computed and concatenated. The positions of keyframes are drawn as
blue points. The analysis in orientation was made for each axis, comparing
the ground truth in orientation with the estimated one along the time. The
ground truth in camera rotation around the axis X, Y and Z are shown in Fig.
2.8(b).

In Fig. 2.9(a) we draw the error in camera position for the 60 fps dataset (no
blur) as a solid red line and the error in camera position for the 60 fps-blur
dataset as a dashed blue line, and highlight the errors of keyframes by drawing
them as points. Figure 2.9(b) shows the error in rotations around X, Y, and
Z for the 60 fps dataset and Fig. 2.9(c) shows the corresponding errors for the
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(a) Trajectory estimated (in orange) and
ground truth (in green). The position of
keyframes are drawn as blue points.

(b) Ground truth in rotations around X, Y,
and Z

Figure 2.8: (a) Trajectory and (b) orientation of the camera for the 60 fps
dataset. The positions of keyframes are drawn as blue points in (a).

60 fps-blur dataset. Note that the errors in both position and orientation for
the images with motion blur and noise are greater than the errors for perfect
ray-traced images. Errors obtained with the 20 fps dataset are very similar to
the error of the 60 fps dataset (solid red line in Fig. 2.9(a) for camera position
and errors in Fig. 2.9(b) for camera orientation) so they are not shown.

Table 2.1 summarizes the accuracy in camera position for the three datasets.
With the 60 fps dataset (no blur) the RMSE and standard deviation decrease
although the maximum error increases, compared to the ones obtained with
the 20 fps dataset. When the 60 fps-blur dataset is used, the RMSE and the
standard deviation increases due to difficulties for getting a good initial esti-
mation and for aligning images with blur and noise. Despite these difficulties,
the algorithm converges to a good estimation. We can say that the system has
high accuracy in position for both frame rates, and for both perfect ray-traced
images and images with blur and noise; in the worst case, the error is 0.16 %
of the distance navigated by the camera that corresponds to 6.93 m.

Table 2.2 summarizes the accuracy in the estimated rotations for the three
datasets. The RMSE and the standard deviation decrease with the 60 fps
dataset although the maximum error increases for rotations around Y and Z.
When the 60 fps-blur dataset is used, the RMSE and the standard deviation
increase due to the reasons given for the errors in camera position when the
images have blur and noise. Note that the maximum error is 1.63 ◦ and the
minimum error is −1.90 ◦ so we finally can claim that the system has high
accuracy in both camera position and camera orientation for different frame
rates and even with motion blur and noise.

For comparison purposes, we use the information given in [25] about the RMSE
in camera position for several localization systems. In it, four datasets were
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(a) Error in camera position for 60 fps and 60 fps-blur
datasets

(b) Error in rotations around X, Y, and Z for perfect
ray-traced images (60 fps dataset)

(c) Error in rotations around X, Y, and Z for images with
motion blur and noise (60 fps-blur dataset)

Figure 2.9: Error in camera pose (position and orientation). The keyframe
positions are drawn as blue points in (a).

Table 2.1: Summary of accuracy in camera position

Quantity \Dataset 20 fps 60 fps 60 fps-blur
RMSE [cm] 0.74 0.52 1.12
Max. error [cm] 4.2 4.82 4.54
Mean error [cm] 0.44 0.33 0.92
Median error [cm] 0.25 0.22 0.87
Standard dev. [cm] 0.59 0.41 0.65
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Table 2.2: Summary of accuracy in camera orientation

Quantity \Dataset 20 fps 60 fps 60 fps-blur
X Y Z X Y Z X Y Z

RMSE [deg] 0.24 0.21 0.12 0.14 0.16 0.10 0.31 0.34 0.43
Max. error [deg] 0.74 1.52 0.75 0.35 1.63 0.93 1.06 1.34 0.70
Min. error [deg] -0.64 -0.44 -0.24 -0.57 -0.72 0.40 -1.66 -1.15 -1.90
Mean error [deg] -0.11 -0.02 -0.04 -4e-3 -0.06 -0.04 -0.02 -0.23 -0.34

Median Error [deg] -0.13 -0.04 -0.06 -0.02 -0.05 -0.03 -2.9e-3 -0.22 -0.30
Standard dev. [deg] 0.21 0.21 0.11 0.14 0.15 0.10 0.31 0.25 0.27

Figure 2.10: Dense Map built using depth maps of keyframes. The trajectory
is drawn in orange and keyframes are blue spheres.

used; two real sequences from the TUM RGB-D benchmark [91] and two sim-
ulated sequences from [36]. These two synthetic datasets, called sim/desk and
sim/slowmo, and the ones that we use in this work, 20 fps, 60 fps and 60
fps-blur, have the same author, A. Handa, so we compare the accuracy using
the information of sim/slowmo. Our system, with a RMSE of 0.52 cm for the
60 fps dataset, outperforms the semi-dense mono VO [26] that has a RMSE
of 2.21 cm. However, our system has inferior accuracy w.r.t. LSD-SLAM [25]
and direct RGB-D SLAM that have 0.35 cm and 0.13 cm, respectively. It may
be due to the use of a probabilistic approach that incorporates information
about noise on the depth maps into tracking and the use of a framework for
graph optimization.

The dense map shown in Fig. 2.10 was built offline with point cloud library
1.7.0 and using depth maps of keyframes. Note that all the local clouds, after
being referenced to a global coordinate system, fit tightly.

Convergence

We analyse the performance of the algorithm when it uses a coarse-to-fine
scheme. We present the number of iterations required by the algorithm for
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(a) Convergence without using a coarse-to-
fine scheme.

(b) Convergence using a four level pyramid.

Figure 2.11: Comparison between using only one image and a four-level pyra-
mid. (a) requires 76 iterations with an image of 480×640 pixels for converging.
(b) requires 2 iterations in the lower level (image of 480× 640 pixels) for con-
verging.

Table 2.3: Information about convergence using a coarse-to-fine scheme

Level Size [pix.] Initial Cost Final Cost Max. Iterations
4 60 × 80 24.27 2.47 20
3 120 × 160 13.89 12.67 20
2 240 × 320 72.00 64.20 5
1 480 × 640 495.44 477.72 2

converging before and after implementing this scheme. In both cases the initial

relative transformation is Tcr =
[
Rcr 0.6t
0 1

]
, where Rcr and t are respectively

the ground truth in rotation and translation, that relates frame r and c. The
images 1 and 10 from the 20 fps dataset were used as Ir and Ic, respectively.
For the case in which a coarse-to-fine scheme is not used, the initial cost is
4386.8. In the iteration 76, the change in the motion vector dξ is less than
1e− 6 and the algorithm stops, converging to a cost of 481.9.
When a four level pyramid with a scale of 0.5 is built, the maximum number
of iterations in each level is set to: 20, 20, 5 and 2, from higher to lower levels.
The initial and final cost for each level is presented in table 2.3.
Note that the initial cost in the lowest level (bigger image) is very close to
the final cost, unlike in the first case. For this reason only two iterations are
required in the lowest level when a coarse-to-fine scheme is implemented.

Time

We have implemented the most important algorithms of the dense localization
module on GPU. The Jacobian is computed in 11.1 ms in the lowest level (the
full image, 640× 480 pixels). The warped image and the residual is computed
in 3.9 ms for the same level. The update in the camera position and orientation
is made in 5.3 ms. The other processes are implemented on CPU. The building
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of the pyramid is made in 1.6 ms. The load of images Ir and Ici is made in
3.5 ms. The initial estimation is computed in 31.3 ms. The system processes
10 fps, for two iterations of the Levenberg-Marquardt algorithm in the lowest
level of a four-level pyramid.

2.5.2 Results with Frame-to-Model Approach

Our dense tracking algorithm, based on frame-to-model approach, makes part
of a simultaneous dense tracking and mapping system that runs on a laptop
ASUS G551VW with a processor Intel Core i7-2.6GHz, 8GB of RAM memory,
a graphic processor NVIDIA GEFORCE 960M and Ubuntu 14.04 as operat-
ing system. We carried out experiments with three sequences from the TUM
RGB-D dataset [91] that provides color and depth images from a Kinect sensor,
with camera pose estimated with a high-accuracy motion-capture system. We
also use both a synthetic dataset of A. Handa [36] which provides the ground
truth in camera pose (perfect ray-traced images taken at 100 fps) and our own
data from the Kinect 1.0 moved by hand in a room-sized scene. OpenCV is
employed for processing images, Eigen3 for some matrix operations, OpenGL
for drawing the 3D model, and for getting depth and color information from
the model, Cuda 7.5 and Thrusth library for improving the performance us-
ing commodity graphics hardware and OpenNI for working with the Kinect.
Experiments are made for computing the accuracy of the tracking algorithm.
We will also evaluate its performance with respect to time.

Accuracy in Camera Pose

For these experiments, we use the synthetic and the TUM RGB-D dataset.
The voxel grid has 128×128×128 voxels in each dimension, covering a volume
of 1.8 × 1.5 × 1 m. The volumetric structure is placed in (−1.2,−0.8, 0.7) m
with respect to the first coordinate system of the camera (initialized by the
user). The final reconstruction has 788373 vertices. Figure 2.12 shows the
resulting 3D reconstruction with color data coming from the scene. More de-
tails about the fusion of depth maps and the volumetric grid will be given in
chapter 6.

The maximum number of iterations for camera tracking in each level is 4, 8, 10,
from fine to coarse level. We define the error in camera position as the Eu-
clidean distance between the ground truth and the estimations. The behavior
of the error in camera position around the whole trajectory is shown in fig.
2.13(a). The analysis in orientation is made in each axis, as the difference
between the ground truth and the estimated values. These errors are shown
in fig. 2.13(b). Table 2.4 summarizes the quantization of the errors in cam-
era position and orientation. Note that the root mean square errors RMSE in
camera position (less than 1cm) and in camera orientation (less than one tenth
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Figure 2.12: 3D reconstruction resulting from fusing synthetic depth maps and
color of the scene, from the estimated camera pose.

of a degree) show the high accuracy of the tracking algorithm. Moreover, the
error in camera position remains stable after 500 iterations which indicates
low drift in camera tracking. The RMSE in camera position is 0.59% of the
distance navigated by the camera that corresponds to 7.27m.

(a) Error in camera position for synthetic
data.

(b) Error in camera rotation for synthetic
data.

Figure 2.13: Error in camera pose. (a) Error in camera position. (b) Error in
camera orientation. The errors remain small with low drift after completing
the whole trajectory.

For the TUM RGB-D dataset, we chose three sequences that were taken in
room-sized environments, the fr1/desk, fr1/desk2 and fr1/xyz. For the first
sequence (similar configuration for the remaining two sequences), the voxel
grid has 128 × 128 × 128 voxels, covering a volume of 3 × 2 × 3 m. The
volumetric structure is placed in (−2.5, −1.1, 0.3) m with respect to the first
coordinate system of the camera. The final reconstruction has 763086 vertices.
The maximum number of iterations for camera tracking in each level is 4,8,10,
from fine to coarse level. Figure 2.14 shows the resulting 3D reconstruction
with color data coming from the scene.
In table 2.5 we can see that KinectFusion [61] and our system has similar accu-
racy (except for fr1/desk2 where [61] has a high error). It is due to similarities
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Table 2.4: Summary of accuracy in camera pose

Quantity \Variable Loc.[cm] Rot. X[deg] Rot. Y[deg] Rot. Z[deg]
RMSE 0.4314 0.0802 0.0820 0.0402
Max. error 0.5701 -0.0080 0.1587 0.0785
Min. error 0.0559 -0.1352 -0.1238 -0.0561
Mean error 0.4256 -0.0754 0.0476 0.0181
Median error 0.4325 -0.0745 0.0593 0.0229
Standard dev. 0.0701 0.0274 0.0668 0.0359

Figure 2.14: Dense reconstruction for the sequence fr1/desk of TUM, with
color from the scene.

in the design: dense ICP for tracking and volumetric structure with TSDF
values for the model. More recent systems [97],[98], [59], [9], use both pho-
tometric and geometric error for estimating the camera pose. Moreover, they
include modules for achieving loop closure detection and global consistency
with techniques such as non-rigid deformation, pose-graph optimization and
bundle adjustment. These systems are more accurate and robust than [61]
and our system, especially when performing in complex trajectories (see ta-
ble 2.5). Note that ORB-SLAM2 [59] is the most accurate system for tracking.

Table 2.5: TUM RGBD dataset. Comparison of translation RMSE (m)

Sequence Ours Kinect
Fusion
[61]

Kinti
nuous
[97]

Elastic-
Fusion
[98]

ORB-
SLAM2
[59]

RGBD
TAM
[9]

fr1/desk 0.052 0.057 0.037 0.020 0.016 0.027
fr1/desk2 0.083 0.420 0.071 0.048 0.022 0.042
fr1/xyz 0.036 0.026 0.017 0.011 — 0.010

Time

All the main processes that make up the proposed system were implemented
on commodity graphics hardware. Table 2.6 shows the average on processing
time for marching cubes, fusion of depth maps, rasterization, and tracking of

49



CHAPTER 2. DENSE LOCALIZATION TECHNIQUES

the depth camera. With this performance, the system can reconstruct the
scene and estimate the camera pose at 10 fps. Note that tracking is the pro-
cess with more time consumption. It works with three pyramid levels and
{10, 8, 4} iterations, from coarse to fine levels.

Table 2.6: Processing time of the main modules

Process Time[ms]
Marching cubes 8.322
Fusion 17.891
Rasterization 8.657
Tracking 68.417
TOTAL 103.297

2.6 Conclusions

We have developed two algorithms that employ all the data of the intensity
and depth images for estimating the pose of a camera that is moved with
6DOF in a small environment. The first algorithm is based on a frame-to-
frame approach and the second one is based on a frame-to-model approach.

The first algorithm (frame-to-frame approach) uses a 3D-2D visual odometry
technique for computing an initial estimation that is later refined using image
alignment. In order to reduce the computational cost, the current camera
pose is computed with respect to the closest keyframe stored in the system.
The results with the frame-to-frame approach have been satisfactory. First,
using a coarse-to-fine scheme we have improved the convergence of the sys-
tem, requiring just two iterations of the Levenberg-Marquardt algorithm at
the lowest level of our four-level pyramid. As a result, we have boosted the
performance of the system achieving to process 10 fps on a GPU. Second,
using the proposed two-steps process to localize the camera with respect to a
keyframe -3D to 2D followed by the image alignment- results in high-accuracy
estimations, even when using blurred input images. In the worst case, with
blur and noise, the RMSE is 1.12 cm in translation and 0.31 ◦, 0.34 ◦, and
0.43 ◦ in the rotations around X, Y and Z axis respectively. Our system, with
a RMSE of 0.52 cm for the 60 fps dataset, outperforms the semi-dense mono
VO [26] that has a RMSE of 2.21 cm. However, our system has inferior ac-
curacy w.r.t. LSD-SLAM [25] and direct RGB-D SLAM that have 0.35 cm
and 0.13 cm, respectively. For future work, we will concentrate on the imple-
mentation of techniques for loop closure and global consistency that make the
system more robust to complex trajectories.

The second algorithm (frame-to-model approach) uses coarse-to-fine iterative
closest point (ICP), achieving low drift, robustness to fast camera motion and
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to variable light conditions. The results with this approach also have been
satisfactory. First, the ICP algorithm with a coarse-to-fine scheme produces
high-accuracy estimations in camera tracking. For the experiment with syn-
thetic dataset, the RMSE is 0.431cm in translation (just 0.59% of the distance
navigated by the camera) and 0.080◦, 0.082◦, and 0.040◦, in rotation around
the X, Y, and Z axis, respectively. For the experiment with the TUM RGB-D
dataset, we got 5.2cm, 8.3cm and 3.6cm for translation RMSE. The accuracy
of our system is on par with [61] but lower than systems such as [97],[98],
[59], [9] that integrate techniques for achieving global consistency such as
appearance-based place recognition for loop closure detection, non-rigid space
deformation, pose-graph optimization and bundle adjustment. Second, the
implementation was done in commodity graphics hardware, achieving to fuse
depth maps and track the camera at 10 fps (with color management), which
is appropriate for the data association carried out for dense ICP. For future
work, we will integrate the RGB data in the objective function for tracking
the sensor and implement techniques for loop closure and global consistency
that make the system more robust to complex trajectories.
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Chapter 3

Depth Map building using a Monocu-
lar Camera

3.1 Introduction

For building a depth map with a monocular camera its location for a set of
frames must be known, photo-consistency must be satisfied and the images
must have texture. However, real environments present changes in light con-
ditions and low-texture, very reflective or translucent objects. This fact breaks
the Lambertian condition (photo-consistency) affecting the estimated depth
maps. The regularisation term in a variational framework tackles this problem
to some extent, but under difficult conditions, the accuracy is low.

This chapter has as main objectives to present the difficulties when the Lam-
bertian condition is not fulfilled and quantify the accuracy of the built depth
maps. In section 3.2 similar works for building depth maps with a monocular
camera are presented. In section 3.3 we explain the difficulties for minimizing
the photometric error when complex conditions occur. The refinement of the
initial estimation of the depth map is detailed in 3.4. Finally, in sections 3.5
and 3.6 we present the accuracy of the estimated depth maps with real and
synthetic data and the conclusions, respectively.

3.2 Related Work

Two techniques for minimizing the energy functional in the process of building
a depth map with a monocular camera stand out. The technique of sequential
convex optimization linearises the photometric error, as is explained in [101],
so the camera motion must be small. A coarse-to-fine sheme with a pyramid
of several levels is built to copy with fast camera motion. This technique
was successfully implemented in the work of dense mapping of [90]. The non-
convex variational technique, based on optical flow for long displacements [86]
uses an auxiliary variable that decouples the regularisation term and the data
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term in the cost function. The regularisation term is solved with the primal-
dual algorithm [5], [104], and the data term is solved by an exhaustive search
over a finite range of discrete values of the inverse depth. This technique was
implemented in the work of dense location and dense mapping of [62].

Different norms applied to the regularisation term have been analized, such as
the total variation norm, the Huber norm, the total generalized variation norm
and the non-convex logarithmic norm, as is done in [70]. The photometric
norm can have L1 norm, L2 norm squared, truncated linear penalizer of the
intensity, L1 norm on a patch, normalized cross correlation NCC on patches,
among others [85]. These variational techniques are highly parallelizable, so
it can be accelerated using modern graphics processing units.

3.3 Building an Initial Depth Map

A 3D point in the reference frame r is represented as Xr = (Xr, Yr, Zr). This
3D coordinate can be computed as

Xr(µ) = ζr
−1(µ)K−1µ̇, (3.1)

where µ̇ is the homogeneous version of the coordinate in the image plane,
that is µ̇ = (ur, vr, 1)T , K is the intrinsic camera matrix, and ζr is the inverse
depth. We use inverse depth instead of depth because an uniform sampling of
the inverse depth corresponds to a uniform sampling in epipolar lines in the
image, allowing the system to make exhaustive search to solve the photometric
error and the decoupling term in the refinement process. The 3D point Xr

can be referenced to the camera frame c, as follows:

Xc(µ) = TcrXr(µ). (3.2)

This 3D point is projected into the image plane Ic for getting the coordinate
µc = (uc, vc) = µ́ = Kπ(Xc) that corresponds to the estimated observation
of the 3D point from the new camera pose (see fig. 3.1), where π represents
the function that computes normalized homogeneous coordinates

π(Xc) = (Xn, Yn, 1)T =
(
Xc

Zc
,
Yc
Zc
, 1
)T

. (3.3)

If the same process is made for all the pixels of the reference image, a syn-
thetic image that represents the scene observed from the pose defined by the
transformation matrix Tcr, can be estimated. However, the inverse depth of
the pixel ζr(µ), required in eq. (3.1), is unknown. To estimate the inverse
depth of each pixel of the image Ir, the photometric error is defined as the
difference in intensity between a pixel of the reference image Ir(µ) and a pixel
of the current image in the projected coordinate Ic(µ́), that is,
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Figure 3.1: Projection of a 3D point referenced to the coordinate system r into
the image plane c, using the transformation Tcr.

ρr(Ic,µ, ζr(µ)) = Ir(µ)− Ic(µ́) = Ir(µ)− Iw(µ) (3.4)

where the warped image Iw(µ) is

Iw(µ) = Ic(Kπ(Tcrζr−1(µ)K−1µ̇)). (3.5)

as Tcr is supposed to be known, the true value of ζr(µ) minimizes the pho-
tometric error. Now, this process is extended to a set of consecutive images
Ici : i ∈ [1, n] that share common elements of the scene. An average photo-
metric error is defined as a function of the inverse depth ζr(µ):

Cr(µ, ζr(µ)) = 1
n

n∑
i=1
‖ρr(Ici ,µ, ζr(µ))‖1, (3.6)

where ρ was defined in the eq. (3.4). Finally, the problem of finding the
inverse depth of a pixel ζr(µ) is equivalent to solve

min
ζr(µ)

Cr(µ, ζr(µ)). (3.7)

Assuming photo-consistency, the intensity of the observation taken by a cam-
era of a 3D point from two poses must be equal, it means, the change in
intensity of the pixels must be just due to the camera motion. However, in
real environments there are changes in light conditions, which break the as-
sumption of photo-consistency and the estimations are affected drastically.
Besides, images of real scenes present regions with low texture that generate
depth estimations in the most dominated by noise [10]. Note in figure 2.2(a)
that regions with low texture in the scene like the top of the printer, the
screen of the monitor, or the wall, are prone to false minima (there is not a
clear minimum as can be seen in fig. 3.2(b) for a pixel of the printer) while
regions with rich texture like the pictures in the wall, or the magazine over
the desk, have a clear minimum (seen 3.2(a) for a pixel of the magazine). For
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(a) Cost of a pixel µ with high texture (be-
longs to the magazine)

(b) Cost of a pixel µ with low texture (be-
longs to the top of the printer)

Figure 3.2: (a) Pixel in a high-textured region produces a clear minimum,
while (b) pixel in a low-textured region produces a flat cost.

this reason, a regularisation term is used in a variational framework with the
result of eq. (3.6) as initial depth map in an iterative process.

3.4 Refining the initial depth map with variational
methods

A variational approach [80] is adopted for smoothing the depth map, pre-
serving discontinuities and increasing the robustness of the algorithm against
illumination changes, occlusions and noise. It was proposed first by Rud-
ing, Osher and Fatemi ROF to consider the “Total Variation” as a regulariser∫

Ω∇h(µ)dµ, for functions h(µ) in the Sobolev spaceW 1,1. The big advantage
is that it is convex in the variable h, so this problem has a unique solution.
For the pure denoising case [75] it is

min
h

∫
Ω
‖∇h(µ)‖1︸ ︷︷ ︸

regularisation term

dµ + λ

2

∫
Ω
‖h(µ)− g(µ)‖2

2︸ ︷︷ ︸
data term

dµ (3.8)

where h is the sought solution and g is the noisy input image. The parameter λ
defines the tradeoff between regularisation and data fitting. In our context, the
data term measures the photo-consistency between images, the regularisation
term smoothes surfaces preserving discontinuities and λ plays the same role
as in eq. (3.8). The energy functional is

E(µ, ζr(µ)) =
∫ w(µ)‖∇ζ(µ)‖ε︸ ︷︷ ︸

regularisation term

+λC(µ, ζr(µ))︸ ︷︷ ︸
data term

dµ, (3.9)

where w(µ) is a weighting function, C(µ, ζ(µ)) is the photometric error, and
‖ · ‖ε is the Huber norm over the gradient of the inverse depth map, with
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‖x‖ε =
{ ‖x‖2

2
2ε if ‖x‖2 ≤ ε,
‖x‖1 − ε

2 otherwise
(3.10)

The L2
2 norm promotes smooth reconstructions while the L1 norm (total varia-

tion regulariser) allows discontinuities at depth edges. As depth discontinuities
often coincide with edges in the reference image, the per pixel weight w(µ) is

w(µ) = e−α‖∇Ir(µ)‖β2 , (3.11)

Reducing the regularity strength where the edge magnitude is high, thereby
limiting solution smoothing across region boundaries. The problem of com-
puting the inverse depth map becomes

min
ζr(µ)

E(µ, ζr(µ)) (3.12)

where E is the energy defined in eq. (3.9). It is a non-convex problem: the
regularisation term is convex and the photometric error is not convex. Next,
we describe how to solve it with a decoupling term.

3.4.1 The decoupling approach

In order to solve eq. (3.12), we use the iterative primal-dual algorithm de-
scribed in [62] for depth map building. This algorithm requires both the
regulariser and the data term to be convex. However, the last term is not a
convex function. One solution to this problem is to decouple both terms and
solve the decoupled version instead of the original one. The advantage of the
decoupling approach is that it allows us to independently solve for the regular-
isation term using convex optimisation methods and for the data term using
a simple exhaustive search. The decoupling approach is based on eliminating
the constraint ζ(µ) = η(µ) of the problem

minζ,η Ereg(ζ(µ)) + Edata(η(µ))
s.t. ζ(µ) = η(µ), (3.13)

where Ereg(ζ(µ)) = w(µ)‖∇ζr(µ)‖ε, Edata(η(µ)) = λC(µ, η(µ)) and η(µ)
is an auxiliary variable, through the use of a penalty function. Using this
approach, eq. (3.13) is minimised by sequentially solving an unconstrained
minimisation problem of the form

min
ζ(µ),η(µ)

Ereg(ζ(µ)) + 1
2θ‖ζ(µ)− η(µ)‖2

2 + Edata(η(µ)) (3.14)

enforcing ζ(µ) = η(µ) as θ → 0 and therefore E(ζ(µ), η(µ))→ E(ζ(µ)). This
new energy functional allows us to split the minimisation into two different
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problems that are alternately solved until convergence. The regularisation
term and the decoupling term,

w(µ)‖∇ζr(µ)‖ε + 1
2θ‖ζ(µ)− η(µ)‖2

2, (3.15)

correspond to the TV-ROF denoising problem, defined in eq. (3.8). It is
convex in ζ(µ) and can be solved using a primal-dual algorithm. Doing an
analogy with image denoising, η(µ) represents a noisy image whereas ζ(µ) is
the searched denoised result. The non convex in the auxiliary variable η(µ),
1
2θ‖ζ(µ)− η(µ)‖2

2 + λC(µ, η(µ)) is point-wise optimisable and the solution is
exhaustively searched over a finite range of discretely sampled inverse depth
values. The energy with the decoupling term of eq. (3.14) can be written as
follows:

min
y,z

‖AWy‖ε︸ ︷︷ ︸
regularisation term

+ 1
2θ‖y − z‖

2
2︸ ︷︷ ︸

decoupling term

+ λC(z)︸ ︷︷ ︸
data term

, (3.16)

where A = ∇ is the gradient operator,W is the element-wise weighting matrix,
y and z are row-wise vector versions of the sought solution ζ(µ) and auxiliary
variable η(µ) respectively. The regulariser and the decoupling term of eq.
(3.16) for a fixed auxiliary variable z have the more general form

min
y
F (Ay) +G(y), (3.17)

In our case, the convex functions are F (Ay) = ‖AWy‖ε, G(y) = 1
2θ‖y − z‖

2
2.

We do a Legendre-Fenchel transform:

F (Ay) = max
%,‖%‖2≤1

〈AWy,%〉 − F ∗(%) (3.18)

where % is the dual of y and F ∗(%) is the conjugate of F (Ay):

F ∗(%) = δ(%) + ε

2‖%‖
2
2 (3.19)

δ(%) =
{

0 if ‖%‖1 ≤ 1
∞ if otherwise (3.20)

Replacing F (Ay) and G(y) in (3.17), we get the primal-dual formulation of
this problem. It is a generic saddle-point problem

min
y,z

max
%,‖%‖2≤1

E = 〈AWy,%〉+ 1
2θ‖y − z‖

2
2 − δ(%)− ε

2‖%‖
2
2 (3.21)
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We do a step of projected gradient ascent (maximization problem) for the dual
variable % and one step of gradient descent (minimization problem) for the
primal variable y, resulting the updates

 %n+1 = proj%((%n + σWAyn)/(1 + σε))
yn+1 = yn−τ(WA∗%n+1− 1

θn
zn)

1+ τ
θn

(3.22)

where A∗ is the adjoint operator of the gradient operator and corresponds to
the negative divergence operator, σ and τ are the step size for the dual variable
% and primal variable y respectively, proj%(x) = x/max(1, ‖x‖2) projects the
gradient ascent step back onto the constraint ‖%‖1 ≤ 1. Finally, for a fixed
(and updated) y we use a point-wise search to solve the remaining non-convex
function

arg min
zn+1

Eaux = 1
2θn (yn+1 − zn+1)2 + λC(zn+1) (3.23)

The primal-dual algorithm and the exhaustive search are alternated and θn is
decreased in each step until convergence, it means, until θn ≤ θth, where θth
is a predefined threshold.

3.5 Results

We carry out two experiments for computing the accuracy of the estimated
deph maps: one with synthetic data and the other one with real data. The
last one will be enhanced with shape prior data using variational methods in
chaper 5. Next, we present the parameter settings and the results.

3.5.1 Results with synthetic data

For the first experiment we use 40 images (n = 40) and one reference im-
age from the dataset of Ankur Handa [36]. The range of depth is defined as
[0.5 5]m that corresponds to an inverse depth range of [2 0.2]m−1. The
number of samples (linear sampling in inverse depth) is ns = 100, the balance
λ is 1, the threshold for the Huber norm ε is 0.01, α and β of eq. (3.11) are 0.4
and 2.4 respectively. Figures 3.3(a), 3.3(b) and 3.3(c) show the image of ref-
erence in gray, the ground truth in depth and the initial depth map obtained
by minimising eq. (3.7), respectively. Figure 3.3(d) shows the refined depth
map after 200 iterations. Figures 3.4(a) presents the depth data for row 240
using just the data term while fig. 3.4(b) shows the smoother version of data
got with the regularisation term. Figures 3.4(c) and 3.4(d) show the abso-
lute error and the error distribution for the solution when the regularisation
term is included. The same analysis is done for data around column 280 (figs.
3.4(e)-3.4(h)).
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Figures 3.5(a) and 3.5(b) show the absolute error for the whole depth map
using just the data term and both the data term and the regularisation term,
respectively, while fig. 3.5(c) presents the error distribution. Note that the
solution with regularisation term is smoother and preserves discontinuities.
The error diminishes considerably: the mean error in depth diminishes from
0.1685m (standard deviation of 0.4483) to 0.0953m (standard deviation of
0.2397) when the regularisation term is used in the optimization problem.
The RMSE, the maximum value, minimum value, mean, median and standard
deviation for the slices and for the whole depth map are presented in tables
3.1 and 3.2, respectively.

(a) Gray image from reference frame
Ir(µ)

(b) Ground truth of the depth map
from reference frame Dr(µ)

(c) Initial Depth map. It is noisy due
to regions of low texture.

(d) Depth map after 200 iterations of
primal-dual algorithm.

Figure 3.3: (a) Gray image from reference frame, (b) ground truth of the
depth map from reference frame, (c) initial depth estimation and (d) solution
in depth after 200 iterations of primal-dual algorithm. Red represents high
depth while blue represents low depth.
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(a) Depth for x-slice, row 240, using just the
data term (in red).

(b) Depth for x-slice, row 240, using the
data term and the regularisation term (in
blue).

(c) Absolute error of the x-slice. (d) Error distribution of x-slice.

(e) Depth for y-slice, column 280, using just
the data term (in red).

(f) Depth for y-slice, column 280, using the
data term and the regularisation term (in
blue).

(g) Absolute error of the y-slice. (h) Error distribution of y-slice.

Figure 3.4: Performance of the algorithm for an x-slice ((a)-(d)) and y-slice
((e)-(h)), when just the data term is used and when both the data term and
the regularisation term are used.

60



CHAPTER 3. DEPTH MAP BUILDING USING A MONOCULAR CAMERA

(a) Absolute error in depth of the
whole image using just the data term.

(b) Absolute error in depth of the
whole image using both the data
term and the regularisation term.

(c) Error distribition of the whole image.

Figure 3.5: Absolute error in depth [m] got (a) using just the data term and (b)
using both the data term and the regularisation term (clear regions represent
high errors). (c) Error distribution in both cases.

Table 3.1: Comparison of accuracy in depth using just the data term (DT)
and both the data term and regularisation term (DT-RT), for x and y slices.

Quantity \Slice x-slice DT x-slice DT-RT y-slice DT y-slice DT-RT
RMSE [m] 0.1595 0.0466 0.2677 0.2463
Max. error [m] 2.2094 0.1946 2.0651 1.9547
Min. error [m] 4.2837e-05 5.5449e-05 4.8842e-05 5.8159e-05
Mean error [m] 0.0719 0.0265 0.0857 0.0795
Median error [m] 0.0310 0.0098 0.0147 0.0144
Standard dev. [m] 0.1425 0.0384 0.2539 0.2334

Table 3.2: Comparison of accuracy in depth using just the data term (DT) and
both the data term and regularisation term (DT-RT), for the whole image.

Quantity \Depth map whole image DT whole image DT-RT
RMSE [m] 0.4789 0.2579
Max. error [m] 4.8614 2.4922
Min. error [m] 7.8578e-09 5.4907e-08
Mean error [m] 0.1685 0.0953
Median error [m] 0.0283 0.0174
Standard dev. [m] 0.4483 0.2397
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3.5.2 Results with real data

For the second experiment the Kinect 1.0 is employed: the RGB images for
creating a depth map and the depth map obtained from the sensor as refer-
ence for estimating the accuracy of the solution. The camera pose is estimated
with ORB-SLAM2 [59], set for working with RGBD data. We use the RGBD
module instead of the monocular module of ORB-SLAM2 because it delivers
the whole trajectory of the sensor (no just the pose of selected keyframes as
with the monocular camera). This continuous trajectory is essential since the
photometric error is computed for a set of images taken from a close view
point, helping to fulfill the Lambertian assumption to some extent.

We use 40 images (n = 40) and one reference image. The range of depth is
[0.3 1.5]m that corresponds to an inverse depth range of [3.33 0.66]m−1.
The number of samples (linear sampling in inverse depth) is ns = 100, the
balance λ is 0.7, the threshold for the Huber norm ε is 0.01, α and β of eq.
(3.11) are 0.4 and 2.4 respectively. Figures 3.6(a) and 3.6(b) show the image
of reference in gray and the depth map from the sensor. Figures 3.6(c) and
3.6(d) show the initial depth map obtained by minimising eq. (3.7) and the
refined depth map after 200 iterations, respectively. Figure 3.7(a) presents
the depth data for row 210 using just the data term while fig. 3.7(b) shows
the smoother version of data got with the regularisation term. Figure 3.7(c)
and 3.7(d) show the absolute error and the error distribution for the solution
when the regularisation term is included. The same analysis is done for data
around column 320 (figs. 3.7(e)-3.7(h)).

Figures 3.8(a) and 3.8(b) show the absolute error for the whole depth map us-
ing just the data term and both the data term and the regularisation term, re-
spectively, while fig. 3.8(c) presents the error distribution. Note that the solu-
tion with regularisation term, like in the case of synthetic data, is smoother and
preserves discontinuities. The mean error in depth diminishes from 0.0841m
(standard deviation of 0.1161) to 0.0474m (standard deviation of 0.0964) when
the regularisation term is used in the optimization problem. The RMSE, the
maximum value, minimum value, mean, median and standard deviation for
the slices and for the whole depth map are presented in tables 3.3 and 3.4,
respectively.
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(a) Gray image for the reference
frame Ir(µ), real data.

(b) Depth map from kinect Dr(µ).
Used for estimating accuracy of solu-
tion.

(c) Initial Depth map. It is noisy due
to regions of low texture.

(d) Depth map after 200 iterations of
primal-dual algorithm.

Figure 3.6: (a) Gray image from reference frame (real data), (b) depth map
taken with kinect sensor for reference frame (used for estimating depth ac-
curacy of solution), (c) initial depth map built using the photometric error
and (d) refined depth map after 200 iterations of primal-dual algorithm. Red
represents high depth while blue represents low depth.
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(a) Depth for x-slice, row 210, using just the
data term (in red).

(b) Depth for x-slice, row 210, using the
data term and the regularisation term (in
blue).

(c) Absolute error of the x-slice. (d) Error distribution of x-slice.

(e) Depth for y-slice, column 320, using just
the data term (in red).

(f) Depth for y-slice, column 320, using the
data term and the regularisation term (in
blue).

(g) Absolute error of the y-slice. (h) Error distribution of y-slice.

Figure 3.7: Performance of the algorithm for an x-slice ((a)-(d)) and y-slice
((e)-(h)), when just the data term is used and when both the data term and
the regularisation term are used.
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(a) Absolute error in depth of the
whole image using just the data term.

(b) Absolute error in depth of the
whole image using both the data
term and the regularisation term.

(c) Error distribition of the whole image.

Figure 3.8: Absolute error in depth [m] got (a) using just the data term and (b)
using both the data term and the regularisation term (clear regions represent
high errors). (c) Error distribution in both cases.

Table 3.3: Comparison of accuracy in depth using just the data term (DT)
and both the data term and regularisation term (DT-RT), for x and y slices.
The reference is the depth map from the sensor.

Quantity \Slice x-slice DT x-slice DT-RT y-slice DT y-slice DT-RT
RMSE [m] 0.0987 0.0398 0.0842 0.0540
Max. error [m] 0.7483 0.1424 0.3723 0.0833
Min. error [m] 3.5714e-04 6.5296e-05 1.2987e-05 0.0013
Mean error [m] 0.0659 0.0304 0.0616 0.0512
Median error [m] 0.0444 0.0218 0.0464 0.0555
Standard dev. [m] 0.0736 0.0257 0.0575 0.0170
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Table 3.4: Comparison of accuracy in depth using just the data term (DT)
and both the data term and regularisation term (DT-RT), for the whole image.
The reference is the depth map from the sensor.

Quantity \Depth map whole image DT whole image DT-RT
RMSE [m] 0.1433 0.1074
Max. error [m] 1.0303 1.0089
Min. error [m] 0 2.4951e-07
Mean error [m] 0.0841 0.0474
Median error [m] 0.0449 0.0276
Standard dev. [m] 0.1161 0.0964

Time

Our system for depth map building with a monocular camera runs on a lap-
top Hewlett Packard with a processor Intel Core i7-2.2GHz, 11.7GB of RAM
memory, a graphic processor NVIDIA GEFORCE 755M and Ubuntu 14.04 as
operating system. OpenCV is used for processing images, Eigen3 for matrix
operations and Cuda 6.5 for speeding up the primal-dual algorithm. Table 3.5
shows the average on processing time for the main processes.

Table 3.5: Processing time for building a depth map with a monocular camera.

Process Time[ms]
Creation of initial depth map. Eq. (3.7) 1062.5
Update of %. First line of eq. (3.22) 6.627
Update of y. Second line of eq. (3.22) 3.350
Update of z. Eq. (3.23) 6.293
Remaining processes 2.182
TOTAL ITERATION 18.452

The primal-dual algorithm takes 200 iterations for refining the initial depth
map. Considering the time for building the initial depth map of 1062.5ms, the
total time for building a refined depth map is 4752.9ms.

3.6 Conclusions

We have implemented an algorithm that builds depth maps by minimizing a
data term and a regularisation term with a decoupling approach, alternating
the primal-dual algorithm and an exhaustive search. In this chapter we could
evidence two very important facts for defining the main contribution of this
thesis. 1. When objects in the scene are very reflective, translucent or low-
textured, or when the light conditions are uncontrolled, as occur in most real
scenarios, the minimization of the data term, that depends on the average pho-
tometric error, is affected drastically, and therefore the estimated depth map
is very noisy. 2. The regularisation term tackles this problem to some extent,
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reducing the mean and standard deviation when it is used inside a varia-
tional approach, as was probed in both experiments: the mean error in depth
diminishes from 0.1685m (standard deviation of 0.4483) to 0.0953m (stan-
dard deviation of 0.2397) and from 0.0841m (standard deviation of 0.1161) to
0.0474m (standard deviation of 0.0964) when the regularisation term is used
in the optimization problem, for synthetic and real data, respectively.

Modifying the energy functional by varying the norm of the data term or the
norm of the regularisation term in order to improve the performance of the
algorithm when complex conditions occur has been probed in some works, like
in [70] and [85]. However, the accuracy is improved to some extent. For get-
ting a significant improvement in the accuracy of built depth maps, additional
data must be integrated to the reconstruction process, as shape prior data
that we will present in the next chapters.

Finally, the processing time in commodity graphics hardware of our algorithm
is 4752.9ms which is appropriate for real time applications that build depth
maps with a monocular camera for selected keyframes.
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Chapter 4

Shape Prior Estimation

4.1 Introduction

In this chapter we present a model-based approach that measures the discrep-
ancy between a model hypothesis, represented as a 3D level-set embedding
function, and observed depth data, defined by a point cloud obtained from
a segmented region associated to the object of interest. This discrepancy de-
fines an objective function, that is minimized with Levenberg-Marquardt w.r.t.
pose, scale and shape.

The main pipeline of the system is shown in fig. 4.1. The set of reference
models (predefined set of cars) are aligned using ICP (each one with respect
to one base model) for getting models with the same scale, translation and
rotation. A volumetric grid with TSDF values is computed and a compression
is done using DCT, for maintaining just the low-frequency components of the
reference models. A continuous, nonlinear, probabilistic and low-dimensional
latent shape space that captures the prior knowledge on the 3D shapes that
an object can take is found with Gaussian Process Latent Variable Models
GPLVM. Figure 4.2 shows an illustrative description of the dimensionality re-
duction between the high dimensional space of the compressed 3D models and
the space of the latent variables. Scaled conjugate gradient SCG is employed
for leaning the mapping between the latent variables and the low-frequency
components (coefficients). Next, the latent variable that best fits to depth
data is searched and the coefficients associated to it are estimated. The 3D
level-set embedding function encoded in the coefficients is computed with the
inverse discrete cosine transform IDCT.

We describe in detail the entire process and carry out experiments for opti-
mizing pose, scale and shape independently (when two of the three data types
are known) and alternately (when no one is known), with synthetic and real
data, respectively. We can outline three main contributions: 1. The pose
optimization is solved using Lie algebra se(3) instead of the group of rigid
transformations in 3D space SE(3); 2. We propose an alternating method for
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Figure 4.1: Main pipeline of the system for shape prior estimation using built
depth maps.

Figure 4.2: Illustrative description of the dimensionality reduction between
the high dimensional space of the compressed 3D models and the space of the
latent variables.

computing the optimal model. An initial estimation in object pose and scale,
based on the centroid, the supporting plane and the average distance of the
points to the centroid, is refined in alternating way. Once the pose and scale
are refined, the initial shape is found with exhaustive search and posteriorly
refined, alternating pose, scale and shape. 3. We quantify the accuracy of
the pose, shape and scale optimization with synthetic data where the ground
truth in these parameters is known.

This chapter is structured as follows. In section 4.2 similar works about shape
priors are presented. In sections 4.3, 4.4, 4.5, 4.6 and 4.7 we explain the
modules for model alignment and truncated signed distance function TSDF
estimation, model compression, dimensionality reduction, search of the opti-
mal latent variable, and estimation of the optimal pose and scale, respectively.
In section 4.8 we show the results and finally, in section 4.9 we present the
conclusions.
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4.2 Related work

The system [3] learns a semantic prior comprised of a mean shape for a cat-
egory (common aspects in shape of a category) and a set of weighted anchor
points for instances of the category (specific details). The experiments show
that holes and outliers are eliminated and details are recovered, even for multi-
ple cars in a cluttered scene. The system [73] is the first one that back projects
depth images and evaluates the resulting point cloud in a 3D level-set embed-
ding function that represents an object model implicitly, instead of projecting
the model to the image plane and measuring the discrepancy between ex-
pected image cues and the observed ones. Moreover, no point correspondence
is required, unlike Iterative Closest Point ICP, since the alignment consist
in evaluating the closeness of the points to the zero-level of the embedding
function. The authors in [49] remove point cloud artifacts like noisy points,
missing data and outliers using a learned shape prior of an object of interest.
They use the discrete cosine transform DCT for compressing the SDF values
and GPLVM for dimensionality reduction.

The monocular system [72] uses DCT for compressing the 3D level-set em-
bedding functions and GPLVM for nonlinear dimensionality reduction to cap-
ture shape variance. The energy function measures the discrepancy between
the projected 3D model into the image plane and the probabilistic 2D occu-
pancy map that defines the foreground of the observed object in the image
(image-based energy). The minimization is done w.r.t. pose and shape of
the 3D model. A 2D segmentation results automatically after convergence.
The system [13] combines shape priors and live dense reconstruction using a
monocular camera. Photo-consistency and a variational approach are used for
building depth maps [62] that are fused for creating a dense reconstruction,
PTAM [44] for tracking the camera, a part-based object detector [28], and
GPLVM to represent shape priors. The energy function, besides depending
on the evaluation of the 3D points on the embedding function like [73] and
[49], depends on the matching between the 2D object segmentation, defined
by the foreground and background, and the projected 3D SDF (depth and
intensity-based energy).

The system [69] estimates depth maps using a monocular camera in workspaces
with large plain structures like floors, walls or ceilings. Good depth data is
propagated to an interior pixel (inpainting) from the closest valid pixels along
the main 8 star directions by using a non-local higher-order regularisation
term, in a variational approach, that favours solutions with affine surfaces
(prior). The system [11] includes a term, besides the data term and regular-
isation term, that depends on three scene priors: planarity of homogeneous
color regions (using superpixels), the repeating geometry primitives of the
scene (data-driven 3D primitives learned from RGBD data), and the Manhat-
tan structure of indoor rooms (layout estimation and classification of box-like
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structures).

Our system is not based on scene shape priors like [69], [11] but on object
shape priors like [73], [49], [3], [72] and [13]. However, it does not uses neither
anchor points like [3], nor intensity-based energy function like [72], nor a depth
and intensity-based energy function like [13], but GPLVM like [49], [13], [72]
and a depth-based energy function like [73] and [49]. We use a variational
technique for integrating object shape prior data in the solution, like is done
in [69] and [11] for scene shape priors. This integration will be explained in
detail in the next chapter.

4.3 Alignment and TSDF estimation of the 3D Mod-
els

We downloaded 49 models of cars from Turbosquid [100], a vast online catalog
of 3D models. We aligned each model with respect to a base model (chosen
arbitrarily) using just the vertices of the triangular mesh, read from an .obj
file. Initially, the point cloud of the base car is translated from their center of
gravity to the origin. Then, it is scaled for fitting it to the volumetric grid,
and the average distance of each point to the new origin is computed (see [6]
for more details),

sbase =
∑Nbase
i=1

√
X2
i + Y 2

i + Z2
i

Nbase
(4.1)

where Nbase is the number of points of the base model. The same process is
carried out (translation and average distance computation) for the point cloud
of the model i for getting si. The scale is computed as,

s = sbase
si

(4.2)

This scale is applied to model i in order to get models of the same size. Then,
the models are manually oriented in such a way that their frontal side point
to the same direction, standing over a parallel supporting plane. This initial
alignment is refined using Iterative Closest Point, implemented in CloudCom-
pare [33].

Once the models have been aligned, the model i is loaded in OpenGL using
the vertices and facets data (just geometry data), creating a continuous sur-
face. The virtual camera is moved in such a way that circular and vertical
scanning at different longitudes (changes in azimuth and elevation of 10◦) are
performed. The optical axis of the virtual camera is always pointing to the
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origin that coincides with the center of gravity of the loaded model. Depth
images, obtained by reading the depth buffer from OpenGL, are fused into
a volumetric structure, storing a truncated signed distance function TSDF
value in each voxel (see chapter 6 for details about fusion). It is a truncated
version of the SDF, used for representing surface interfaces as zero, free space
as positive values that increases with the distance to the closest surface and
(possible) occupied space as a negative value. Figure 4.3 shows the alignment
and the resulting model after applying marching cubes to the volumetric grid.

(a) Base model (b) Model i (c) Aligned Models. (d) Model i and ex-
plicit reconstruction
got from the volu-
metric grid.

Figure 4.3: Alignment and TSDF estimation. (a) Base model. (b) Model
i. (c) Aligned base model and model i. (d) Model i and its corresponding
explicit representation got by applying marching cubes to the TSDF values of
the volumetric grid.

We carry out this process for Nm = 49 3D models of cars with different shapes
(see 12 of the 49 models in fig. 4.4), obtaining 3D level-set embedding functions
defined by a volumetric grid of Ng × Ng × Ng voxels, with Ng = 128. The
matrix M ∈ RNm×N3

g stores these models as row vectors. However, searching
for a model that best fits to data in this high-dimensional space is too complex,
so we compress the data using DCT. Then, we find a low-dimensional space
and the mapping parameters for passing from this latent space to the space
of DCT coefficients.
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(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

(k) (l)

Figure 4.4: 3D models of cars with different shapes.

4.4 Compression of the Embedding Function

The Discrete Cosine Transform (DCT) transforms a time domain signal to a
frequency domain signal. It is used for compression of audio (e.g. MP3) and
images (e.g. JPEG) where small high-frequency components can be discarded.
We use here this technique for compressing the TSDF values of the volumetric
grid. Let φ(u, v, w) ∈ RNg×Ng×Ng be the volumetric grid that stores the TSDF
values of a 3D model. The two-dimensional discrete cosine transform for slices
φi in direction u of φ, it means, ci(v, w) = DCT (φi(v, w)) is given by

ci(v, w) = α(v, w)
Ng−1∑
y=0

cos

(
π(2y + 1)v

2Ng

)
Ng−1∑
z=0

φi(y, z)cos
(
π(2z + 1)w

2Ng

) (4.3)

where α(v, w) = αv(v) ∗ αw(w), with

αv(v) = αw(w) =


1√
Ng

if v, w = 0
2√
Ng

if v, w 6= 0 (4.4)

Since we have Ng = 128 slices, the size of φi is (128 × 128). Equation (4.3)
can be expressed as matrix and array multiplications

ci = α. ∗ (AφiAT ). (4.5)
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where A ∈ RNc×Ng with Nc the number of DCT coefficients. Each row of
A stores the cosine cos

(
π(2x+1)u

2Ng

)
for a common u, with u = 1, 2, ..., Nc. We

extend it to the three-dimensional discrete cosine transform and apply the
property of separability (see [42] for more details), computing the 3D-DCT in
two steps with 2D transformations over the slices for each i along dimension
u and a final 1D operation. Figure 4.5 shows the 3D models obtained using
10, 25, 35, 50, 75 and 100 coefficients of the model visualized in 4.4(b). Here
we can see that the information about the general shape is stored in the low-
frequency components and the fine details are stored in the high-frequency
components. Note that for 50, 75 and 100 coefficients there are not significant
changes in appearance. We consider that 25× 25× 25 coefficients are enough
for our purposes (like in [49]).

(a) Using 10 coeff.
in each dimension

(b) Using 25 coeff.
in each dimension

(c) Using 35 coeff.
in each dimension

(d) Using 50 coeff.
in each dimension

(e) Using 75 coeff.
in each dimension

(f) Using 100 coeff.
in each dimension

Figure 4.5: 3D model of fig. 4.4(b) using different number of coefficients in
each dimension (degree of compression).

4.5 Dimensionality Reduction

The Latent variable Model LVM is used for dimensionality reduction, to cap-
ture the shape variance as low-dimensional latent shape spaces, such that the
resulting latent variables have less dimensions than the original observed data.
Let Y ∈ RNm×N3

c be the matrix that stores in row Yj ∈ R1×N3
c the Nc = 25

low-frequency coefficients in each dimension of the volumetric grid, and for
each model j, with j = 1 : 1 : Nm. Let χ ∈ RNm×Nx , with N3

c � Nx, be
the matrix that stores in each row the latent variable χj ∈ R1×Nx that rep-
resents the coefficients of model j. Now, we learn from the coefficients the
parameters (θ1, θ2, θ3, θ4) that map any latent variable χj to the correspond-
ing row vector of coefficients Yj , where its relationship is non-linear. Since
the mapping χj → Yj is modelled using a Gaussian process, we can define
areas of high probability, it means, areas where there are high certainty of
getting a valid shape. Moreover, this technique allows to map coefficients
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from a continuous latent space (no just the ones used for learning), creating a
continuous search of the latent variable that best fits to data. We define the
vector W ∈ R1×(Nm∗Nx+4) as

W = {χ1,1 ... χ1,Nm ... χNx,1 ... χNx,Nm
θ1 θ2 θ3 θ4}

(4.6)

It is the vector of parameters that solves the following optimization problem

min
W

E(W ) = Nm

2 ln(2π) + 1
2 ln|K|+

1
2tr(K

−1S) (4.7)

where Nm is the number of models, K is the covariance matrix which is esti-
mated with a Kernel function, and S = D−1Y Y T , with D the number of coef-
ficients for a model (N3

c ). The components of K, denoted as kij = K(χi, χj),
for Nx = 2 and a Radial Basis Function kernel, are

kij = θ1exp

(
−θ2

2 ((χ1,i − χ1,j)2 + (χ2,i − χ2,j)2)
)

+ θ3 + δijθ4 (4.8)

where δij is the Kronecker delta function. We initialize the latent variables
of the vector of parameters W with the estimation got with Dual Proba-
bilistic PCA. Then, we use the scaled conjugate gradient SCG algorithm for
refining the initial estimation. It combines the model trust region approach,
known from the Levenberg-Marquardt algorithm, with the conjugate gradi-
ent approach. The pseudocode and more delatils about SCG can be found in
[55]. The parameters for the kernel are set according to [50]; θ1 = 1, θ2 = 1,
θ3 = exp(−1), and θ4 = exp(−1). With these values we can set the initial
kernel and continue the iterative process until convergence, as is shown in fig.
4.6(a). The resulting latent space and the corresponding latent variables are
shown in fig. 4.6(b). Note that besides the mean value, each point χp in the
latent space has a variance which is computed as

σ2 = K(χp,χp)−K(χ,χp)K−1K(χ,χp)T , (4.9)

The parameters for mapping converged to θ1 = 10.4195, θ2 = 1.6784, θ3 =
84.5378, and θ4 = 1.1679.
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(a) Evolution of the Energy using the Scaled
conjugate Gradient. After 370 iterations the
SCG algorithm converges.

(b) Latent Space with the 49 la-
tent variables (in black) used for
learning the mapping parameters.

Figure 4.6: (a) Energy and (b) latent space for embedding functions of cars.
Low variance regions are drawn in blue while high variance regions are drawn
in red. More likely valid shapes are obtained in blue areas.

4.6 Shape Optimization

We define an energy that depends on the sum of squared residuals,

E(Φ) = 1
2
∑

(Φ)2 (4.10)

where the residual vector Φ is defined with the German-McClure function,
which is robust to outliers:

Φ = φ(Xq)2

φ(Xq)2 + σ
. (4.11)

where σ is a constant parameter, Xq = [Xq Yq Zq] is one of the Np 3D
points that are evaluated (3D interpolation) in the embedding function φ.
Points that are back-projected outside the volumetric grid are assigned a large
value. The derivative of the energy w.r.t. the latent variable χp is computed
through the chain rule,

δE

δχp
= δE

δΦ
∗ δΦ
δχp

(4.12)
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The first term on the right is the residual vector Φ. The variations of the
residual vector Φ due to changes in the latent variable χp corresponds to the
Jacobian,

J = δΦ
δχp

= δΦ
δφ
∗ δφ

δχp
(4.13)

where

δΦ
δφ

= 2σφ(Xq)
(φ(Xq)2 + σ)2 (4.14)

For defining the second term on the right of eq. (4.13) we express the embed-
ding function φ in terms of the latent variable,

φ = IDCT(ν(χp)) (4.15)

The function IDCT(·) is the inverse discrete cosine transform applied to the
mean ν of the coefficients associated with the latent variable χp through a
Gaussian process,

ν(χp) = K(χ,χp)K−1Y (4.16)

Considering that the derivative of the IDCT of a variable is the IDCT of the
derivative of the variable, we have

δφ

δχp
= δ(IDCT(ν))

δχp
= IDCT

(
δν

δχp

)
(4.17)

where

δν

δχp
= δK(χ,χp)

δχp
K−1Y (4.18)

K(χ,χp) ∈ R1×Nm is the row kernel for the latent variable χp. It depends
on the squared euclidean distance between the latent variable χp and each
one of the Nm latent variables used for learning the parameters for mapping.
Each element of the row kernel for χp, with Nx = 2, is found using eq. (4.8),
replacing χj by χp. The derivative of K(χ,χp) w.r.t each component of the
latent variable is computed in a straight way. The latent variable is updated
by addition, χk+1

p = δχp+χkp, where δχp is found with Levenberg-Marquardt,

δχp = −(JTJ + αdiag(JTJ)I)(JTΦ). (4.19)

We start with a small initial value of α, α = 1e− 4. After each iteration, the
new energy is compared with the previous one. If the energy has decreased,
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α is reduced by a factor of 10 and the parameters are updated. If the energy
has increased, the parameters are not updated and α is increased by a factor
of 10.

4.7 Pose and Scale optimization

We now differentiate the energy of eq. (4.10) w.r.t. the pose and scale,
optimizing them in separated and alternating way. The pose is minimally
parametrized with a vector Υ = [wx, wy, wz, vx, vy, vz], where the first three
elements define the axis of rotation and its norm defines the magnitude of the
rotation. The remaining elements define the translation after carrying out the
rotation. The derivative of the energy w.r.t. Υ is

δE

δΥ
= δE

δΦ
∗ δΦ
δΥ

(4.20)

Again, the first term on the right is the residual Φ. The variations of the
residual vector Φ due to changes in pose Υ correspond to the Jacobian for
this problem,

J = δΦ
δΥ

= δΦ
δφ
∗ δφ
δΥ

(4.21)

The first term on the right was defined in equation (4.14). The second term
on the right is

δφ

δΥ
= δφ

δXq

∗ δXq

δΥ
(4.22)

δφ
δXq

is computed numerically, using the central difference formula,

δf(x)
δx

= f(x+ h)− f(x− h)
2h (4.23)

Since a point Xq = [Xq Yq Zq] (coordinates of voxels referenced to the
initial coordinate system q), we get,

δφ

δXq

=
[
δφ

δXq

δφ

δYq

δφ

δZq
1
]

(4.24)

with h = 10−8 for all the components. For defining δXq

δΥ we first express a
point Xq in terms of Xw. We have that

Xw = MwoSMoqXq (4.25)
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Mwo is the transformation matrix between the object and the world system.
Moq is the transformation matrix between the initial and the object system.
It corresponds to a translation to the center of the volumetric grid. Figure 4.7
shows the initial coordinate system, the object system, and the world system.
Since the point cloud is referenced to the world coordinate system, the 3D
model is also referenced to this system and then, aligned with the point cloud.

Figure 4.7: Initial coordinate system q, object coordinate system o and world
coordinate system w.

S scales the points Xo and is defined as

S =


s 0 0 0
0 s 0 0
0 0 s 0
0 0 0 1

 (4.26)

Solving for the point Xq, we get

Xq = (Moq)−1S−1MowXw (4.27)

The transformation matrix Mow is updated as

Mk+1
ow = ∆MowM

k
ow (4.28)

where the incremental change in the transformation is expressed using the
exponential mapping and the Lie algebra, ∆Mow = exp([∆Υ]x). The operator
[·]x transforms a six-elements vector to the skew matrix

[∆Υ]x =


0 −wz wy vx
wz 0 −wx vy
−wy wx 0 vz

0 0 0 0

 (4.29)

∆Υ is computed in similar way as δχp in eq. (4.19). Replacing Mk+1
ow of eq.

(4.28) and ∆Mow into eq. (4.27), we get
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Xq = (Moq)−1S−1exp([∆Υ]x)Mk
owXw (4.30)

Mk
owXw is the 3D point Xk

o previous to update the transformation matrix
Mow. Now, δXq

δΥ , considering the scale constant, is

δXq

δΥ
= M−1

oq S
−1 δ(exp([δΥ]x))

δΥ
Xk
o (4.31)

where the derivative of the exponential w.r.t the first element of the vector Υ
is

δ(exp([δΥ]x))
δwx

=


0 0 0 0
0 0 −1 0
0 1 0 0
0 0 0 0

 (4.32)

This derivative is a generator for rotations in x-axis in the Lie algebra. The
same process is carried out for the remaining five parameters. Multiplying by
the homogeneous form of Xo and organizing, we get a 4× 6 matrix.

δ(exp([δΥ]x))
δΥ Xk

o =


0 Xoz −Xoy 1 0 0
−Xoz 0 Xox 0 1 0
Xoy −Xox 0 0 0 1
0 0 0 0 0 0

 (4.33)

Following a similar process for scale optimization, we consider the parameters
of pose constant and derive Xq from eq. (4.27) w.r.t the scale parameter.

δXq

δs
= −M−1

oq S
−1 δS

δs
S−1Xk

o (4.34)

where δS
δs

is easily computed.

4.8 Results

For testing our optimization algorithms when one of the three variables is
unknown (shape, pose or scale) and when the three variables are unknown,
we use a down-sampled point cloud (fig. 4.8(a)) coming from the vertices of
the triangles computed with the marching cubes algorithm for the compressed
version of the base model (fig. 4.8(b)). Moreover, we will use real data: 1.
depth maps coming from the Kinect 1.0 and 2. depth maps built with a
monocular camera.
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(a) Point cloud (b) Rendered model

Figure 4.8: Reference model. (a) Downsampled 3D point cloud. (b) Rendered
model (ground truth in shape).

4.8.1 Results in Shape optimization with synthetic data

The goal is to refine the shape associated to an initial latent variable in order
to reduce the residual computed by evaluating the current embedding function
in the point cloud (eq. (4.10)). In this experiment, the pose and scale are con-
sidered known. Figure 4.9(a) shows an explicit representation of the model for
the initial latent variable. Figures 4.9(b), 4.9(c), and 4.9(d) show the model
for iterations 1, 2, and 8, respectively. Figure 4.10(a) shows the evolution of
the energy through time. Figure 4.10(b) shows the path of the iterative search
in the latent space. It starts with a latent variable χ = [−0.2723 2.3048] and
in iteration 15 χ has evolved to [0.500114 1.63515], with a ground truth of
χ = [0.3895 1.6162]. Note that after iteration 8 (χ = [0.582774 1.62765])
the energy diminishes slowly. The Euclidean distance between the estimated
latent variable and the ground truth decreased from 0.9551 in the initialization
to 0.1122 in iteration 15, getting a reduction in error of 88.25%.

(a) Initial 3d model (b) Model for itera-
tion 1

(c) Model for itera-
tion 2

(d) Model for itera-
tion 8

Figure 4.9: Evolution of the shape in the optimization process. The search is
done in the latent space and the model is obtained with the inverse DCT. The
point cloud is drawn in red.
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(a) Evolution of the energy for shape optimiza-
tion using Levenberg-Marquardt.

(b) Search of the latent variable
that best fits to data in the latent
space.

Figure 4.10: (a) Evolution of the energy. (b) Search of the latent variable. The
initial latent variable and for iterations from 1 to 14 are drawn in clear orange.
The latent variable for iteration 15 is drawn in dark orange. The ground truth
in latent variable is drawn in green.

4.8.2 Results in Pose optimization with synthetic data

In this experiment the shape and scale are considered known and an initial
pose is refined in order to align the embedding function with the point cloud.
The ground truth in position is the origin and in orientation is the identity
matrix. The initial position is two = [−0.2 0.2 0.2] with an Euclidean dis-
tance to the origin of 0.3464. The initial orientation corresponds to a rotation
of αz = −30 around z-axis w.r.t the ground truth. Figure 4.11(a) shows the
initial pose, while figs. 4.11(b), 4.11(c) and 4.11(d) show the pose for iter-
ations 20, 40 and 50, respectively. Figure 4.12 shows the energy for pose
optimization. Note that it converges at iteration 59. The evolution of the Eu-
clidean distance from the model to the origin and the evolution of the model
orientation w.r.t the world coordinate system (ground truth) are presented in
fig. 4.13(a) and 4.13(b), respectively. The orientation Rwo is represented with
rotations over the fixed axis x, y, and z (in this order). The final position
is two = [0.0032 − 0.0104 0.0035], with an Euclidean distance to the ori-
gin of 0.0114. The final orientation is αx = −0.0017◦, αy = −0.0663◦, and
αz = −0.0209◦. The reduction in position error is 96.70% and in rotation
around z-axis is 99.93%.
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(a) Initial pose of
the model

(b) Pose for itera-
tion 20

(c) Pose for itera-
tion 40

(d) Pose for itera-
tion 50

Figure 4.11: Evolution of the pose of the embedding function in the optimiza-
tion process. The point cloud is drawn in red.

Figure 4.12: Evolution of the energy for pose optimization using Levenberg-
Marquardt.

(a) Distance from model to origin (b) Model Orientation w.r.t world coordi-
nate system.

Figure 4.13: Evolution of the position and orientation with respect to the
ground truth.

4.8.3 Results in Scale Optimization with synthetic data

For scale optimization, the shape and pose are considered known. Recall that
the same scale is used in the three dimensions. The initial value in scale is
s = 0.4. The ground truth in scale is s = 1.0. Figure 4.14(a) shows the
initial model scale (s = 0.4), meanwhile figs. 4.14(b) (s = 1.5855), 4.14(c)
(s = 1.1204), and 4.14(d) (s = 1.0053) show the model scale for iterations
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1, 2, and 10, respectively. Note that the algorithm takes 10 iterations for
converging. The final error is 0.53% of the ground truth. The reduction in
error is 99.12%. Figure 4.15(a) depicts the evolution for the energy and fig.
4.15(b) shows how the scale gets close to the ground truth (s = 1.0).

(a) Initial scale of
the model (s = 0.4)

(b) Scale for itera-
tion 1 (s = 1.5855)

(c) Scale for itera-
tion 2 (s = 1.1204)

(d) Scale for itera-
tion 10 (s = 1.0053)

Figure 4.14: Evolution of the scale of the embedding function in the optimiza-
tion process. The point cloud is drawn in red.

(a) Energy for scale optimization (b) Evolution of the scale

Figure 4.15: (a) Evolution of the energy and (b) the scale of the embedding
function in the optimization process. The ground truth in scale is s = 1.

4.8.4 Results in Pose, Scale and Shape with synthetic data

The main optimization problem occurs when the pose, scale and shape are
unknown, just an approximation is available. In this case, we alternate the
algorithms for optimizing pose, scale, and shape. The ground truth in position
is the origin, in orientation is the identity matrix, in scale is s = 1, and in shape
is χ = [0.3895 1.6162]. The initial position is two = [−0.2 0.2 0.1], with
an Euclidean distance to the origin of 0.3. The initial orientation corresponds
to a rotation of αz = −20◦ around z-axis w.r.t the ground truth. The initial
scale is s = 0.8, and the initial shape is χ = [−0.0828 0.9363]. Figures
4.16(a) and 4.16(b) show the initial conditions for the model. For this test, we
carry out two cycles with the sequence: 20 iterations for pose and 10 iterations
for scale. At the end of this sequence, 60 iterations have been done and a close
pose and scale are obtained (see 4.16(d)). Then, we carry out four cycles with
the sequence: 20 iterations for pose, 5 iterations for scale, and 10 iterations for
shape, getting a refinement in pose and scale for a more approximated shape
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(see fig. 4.16(f)). The final scale is s = 1.0029, with a reduction in scale error
of 98.55%. The final latent variable is χ = [0.3921 1.6836]. The Euclidean
distance between the estimated latent variable and the ground truth decreased
from 0.8278 in the initialization to 0.0675 in iteration 200, getting a reduction
in error of 91.85%. The final position is two = [0.0033 − 0.0105 0.0028],
with an Euclidean distance to the origin of 0.0114. The final orientation
is αx = −0.0665◦, αy = −0.0908◦, and αz = −0.0221◦. The reduction in
position error is 96.20% and in rotation around z-axis is 99.89%. Figure 4.17
shows the evolution of the energy, drawing with red, green, and blue colors for
identifying the type of optimization done (pose, scale, shape, respectively).
In this figure, the energy is drawn even when it increases. However, the
Levenberg-Marquardt algorithm just updates the variables when the energy
diminishes, discarding new data in other case.

(a) Initial pose, scale
and shape

(b) Initial pose, scale
and shape. Another
view.

(c) Iteration 30. (d) Iteration 60.

(e) Iteration 130. (f) Iteration 200.

Figure 4.16: Evolution of the pose, scale, and shape of the embedding function
in the alternating optimization process. The point cloud is drawn in red.
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Figure 4.17: Evolution of the energy for pose, scale, and shape optimization,
in alternating way, using Levenberg-Marquardt.

4.8.5 Results in Pose, Scale and Shape with Real Data (Kinect)

Now, instead of using a point cloud coming from the vertices of the triangles
that make up the surface of a 3D model, we use a point cloud coming from
a depth map taken with the Kinect 1.0. The Kinect was moved by hand in
front of a toy car while VGA images were captured at 30fps. We selected one
depth and intensity image (see fig. 4.18) and manually segmented the toy car,
getting the mask of fig. 4.19(a). The resulting 3D points Xr associated to
the segmented car (red points in fig. 4.19(b)) are referenced to the camera
coordinate system, where the z-axis is perpendicular to the image plane (see
these coordinate systems in fig. 4.20). We compute 3D points referenced to
the world coordinate system, Xw = MwrXr, where Mwr is a rotation of 90◦
around the y axis followed by a rotation of −90◦ around the new z axis. As
was done for model alignment in section 4.3, the point cloud of the toy car
referenced to the world system Xw is translated from its center of gravity to
the origin Xc

w = Xw − X̄w, and the average distance of each point to the new
origin spc is computed using eq. (4.1). The same process is carried out for the
vertices of the 3D model for getting sm. The initial scale is computed with eq.
(4.2).
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(a) RGB image from Kinect. (b) Depth image from Kinect.

Figure 4.18: (a) RGB and (b) depth images of a toy car over a desk (dark red
represents high depth). The infrared light emitted by the Kinect is absorbed
by black surfaces, producing regions without data.

(a) Mask of segmented image (b) Point cloud of segmented area
(toy car)

Figure 4.19: (a) Mask of the segmented car. (b) Point cloud of region associ-
ated to the segmented area (lateral side of the toy car).

Figure 4.20: World (in blue) and camera (in red) coordinate systems.

The initial position of the car is defined as the center of gravity of the point
cloud referenced to the world coordinate system, adding 4% of the x compo-
nent (z axis in the camera coordinate system) to itself since the data belongs
just to a side of the whole car.

two = [1.04X̄wx X̄wy X̄wz ]′ (4.35)
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As in [13], we assume that the toy car is over a flat surface, so computing
the normal of this surface allows us to estimate an initial orientation of the
car. This process begins by calculating 3D points for pixels in a region bellow
the segmented area which belong to the supporting plane. Then, RANSAC is
applied: three points are randomly selected and the parameters that define a
plane are computed. The points that fulfill with the computed plane (under a
threshold) are counted. The random selection process was repeated 100 times
and we chose the parameters that generated the largest number of inliers
(points under a threshold when the plane is evaluated). Figure 4.21(a) shows
the point cloud of the car (in red), the point cloud of the supporting plane
(in blue) and the normal n to the supporting plane (red line). This normal
is used for computing two angles α and β that moves the embedding function
to the supporting plane,

α = acos

 nz√
n2
x + n2

z

 (4.36)

β = acos(
√
n2
x + n2

z) (4.37)

The transformation consists of a rotation of −α over the y axis followed by a
rotation of β over the new x axis. These angles are shown in fig. 4.21(b).

(a) Point cloud of the toy car (in red),
point cloud of the supporting plane (in
blue) and normal to the supporting
plane (red line)

(b) Angles α and β used for com-
puting the initial orientation

Figure 4.21: (a) Point cloud of the toy car with the normal to the supporting
plane. (b) Angles that move the embedding function to the flat surface.

The third angle γ needed for totally defining the orientation of the embedding
function is the rotation around the unit normal (new z axis). This angle is
found through exhaustive search with α between 10◦ and 360◦ and with an
increment of 10◦; the selected α is the one that produces the minimum energy
when eq. (4.10) is evaluated. Finally, the rotation matrix Rwo is
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Rwo = Rot(Y,−α)Rot(X ′, β)Rot(Z ′′, γ) (4.38)

and the initial transformation matrix Mwo is

Mwo =
[
Rwo two
01×3 1

]
(4.39)

Summarizing, the initial position is two = [0.8459 − 0.1524 − 0.2598], the
initial orientation corresponds to α = 20.0017◦, β = 2.18◦ and γ = −20◦.
For comparing this orientation with the final one, we use rotations over fixed
axis with αx = 9.1136◦, αy = −18.0095◦, and αz = −21.0621◦. The initial
scale is s = 0.1571, and the initial shape is the one associated to the reference
model employed in the model alignment process χ = [0.3895 1.6162]. Fig-
ures 4.22(a) and 4.22(b) show the initial conditions for the model. For this
test, we carry out two cycles with the sequence: 20 iterations for pose and
5 iterations for scale. At the end of this sequence, 50 iterations have been
done and very close pose and scale estimations are obtained (see 4.22(d)).
With these estimations we can perform exhaustive search over the Nm = 49
models of cars used for learning the latent space. The latent variable with
the 3D level set that produces the minimum energy χ = [0.4560 2.4675] is
used as initial value in the following refinement process. Finally, we carry
out three cycles with the sequence: 5 iterations for shape, 10 iterations for
pose and 5 iterations for scale, getting a refinement in pose and scale for a
more approximated shape (see fig. 4.22(f)). The final scale is s = 0.1602,
and the final latent variable is χ = [0.5858 2.6147]. The final position is
two = [0.8499 −0.1377 −0.2530] and the final orientation is αx = 5.7633◦,
αy = −9.0734◦ and αz = −26.0871◦.

Figure 4.23 shows the projection of the 3D model into the image plane. Note
that the projection superimposes tightly the region of the real car in the RGB
image. Figure 4.24 shows the evolution of the energy, drawing with red, green,
and blue colors for identifying the type of optimization done (pose, scale,
shape, respectively). In this figure, the energy is drawn even when it increases.
However, the Levenberg-Marquardt algorithm just updates the variables when
the energy diminishes and discards data in other case.
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(a) Initialization. (b) Initialization.
Another view.

(c) Iteration 10. (d) Iteration 50.

(e) Iteration 70. (f) Iteration 110.

Figure 4.22: Evolution of the pose, scale, and shape of the embedding function
in the alternating optimization process, for real data using the Kinect. The
point cloud is drawn in red.

(a) Image plane, camera pose (x-
axis in yellow, y-axis in green),
and 3D model with optimal pose,
scale and shape.

(b) Projection of the optimal 3D
model into the image plane.

Figure 4.23: (a) Image plane, camera pose and 3D model. (b) Projected 3D
model into the image plane.
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Figure 4.24: Evolution of the energy for pose, scale, and shape optimization, in
alternating way, using Levenberg-Marquardt. The data comes from the Kinect
1.0.

4.8.6 Results with depth map built with real data (monocular
camera)

For this experiment we use a depth map built with intensity images. These
images were taken with the monocular camera integrated in the Kinect 1.0
(a gray image got from a RGB image is shown in fig. 4.25(a)). The kinect
was moved by hand in front of a toy car while VGA images were captured at
30fps. Figure 4.25(b) shows the depth map from the Kinect that is used for
computing the accuracy of the built depth map (see the initial solution got with
the data term in fig. 4.25(c) and the refined one got with the regularisation
term in fig. 4.25(d)). The toy car is manually segmented, getting the mask of
fig. 4.26(a). The resulting point cloud (red points in fig. 4.26(b)) is aligned
with a 3D model by minimizing the energy function of eq. (4.10) w.r.t. pose,
scale and shape. In this figure we also can see the supporting plane (in blue)
and the normal vector (red line).
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(a) Reference image Ir(µ). (b) Depth map for reference image
Dr(µ).

(c) Depth map got by solving just the
data term.

(d) Solution in depth using the primal-
dual algorithm.

Figure 4.25: (a) Reference image in gray, (b) depth for reference image coming
from sensor, (c) initial depth got by solving the data term and (d) solution
in depth got by using the primal-dual algorithm. Red represents high depth
while blue represents low depth.

(a) Mask of segmented image (b) Point cloud of segmented area (in
red), point cloud of the supporting plane
(in blue) and normal to supporting plane
(red line).

Figure 4.26: (a) Mask of the segmented car. (b) Point cloud of region associ-
ated to the segmented area and norm to the supporting plane.
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Then, they are referenced to the world coordinate system and an initial scale,
position and orientation is computed in similar way as was described in section
4.8.5, for the experiment with the RGBD sensor.

Summarizing, the initial position is two = [0.7433 0.0065 0.0264], the ini-
tial orientation corresponds to (rotations over fixed axis) αx = 14.3506◦,
αy = −17.8619◦, and αz = −31.6360◦. The initial scale is s = 0.2222, and
the initial shape is the one associated to the reference model employed in the
model alignment process χ = [0.3895 1.6162]. Figures 4.27(a) and 4.27(b)
show the initial conditions for the model. For refining the initial estimation
we carry out two cycles with the sequence: 15 iterations for pose and 5 itera-
tions for scale. At the end of this sequence, 40 iterations have been done and
very close pose and scale estimations are obtained (see fig. 4.27(d)). With
these estimations we can perform exhaustive search over the Nm = 49 mod-
els of cars used for learning the latent space. The latent variable with the
3D level set that produces the minimum energy χ = [−0.0659 0.2060] is
used as initial value in the following refinement process. Finally, we carry
out three cycles with the sequence: 10 iterations for shape, 10 iterations for
pose and 5 iterations for scale, getting a refinement in pose and scale for a
more approximated shape (see fig. 4.27(f)). The final scale is s = 0.2325,
and the final latent variable is χ = [−0.0763 0.1037]. The final position is
two = [0.7614 0.0173 0.0393] and the final orientation is αx = 13.3060◦,
αy = −19.9214◦ and αz = −37.1394◦.

Figure 4.28 shows the projection of the 3D model into the image plane. Note
that, like in the previous case, the projection superimposes tightly the region
of the real car in the RGB image. Figure 4.29 shows the evolution of the
energy, drawing with red, green, and blue colors for identifying the type of
optimization done (pose, scale, shape, respectively). In this figure, the energy
is drawn even when it increases. However, the Levenberg-Marquardt algorithm
just updates the variables when the energy diminishes and discards data in
other case.
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(a) Initialization.
Real data.

(b) Initialization.
Real data. Another
view.

(c) Iteration 20, real
data.

(d) Iteration 40, real
data.

(e) Iteration 65, real
data.

(f) Iteration 115,
real data.

Figure 4.27: Evolution of the pose, scale, and shape of the embedding function
in the alternating optimization process, for real data coming from the built
depth map using a monocular camera. The point cloud is drawn in red.

(a) Image plane, camera pose (x-
axis in yellow, y-axis in green),
and 3D model with optimal pose,
scale and shape.

(b) Projection of the optimal 3D
model into the image plane

Figure 4.28: (a) Image plane, camera pose and 3D model. (b) Projected 3D
model into the image plane.
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Figure 4.29: Evolution of the energy for pose, scale, and shape optimization,
in alternating way, using Levenberg-Marquardt. The data comes from a depth
map built with a monocular camera.

4.9 Conclusions

We have developed a system that optimizes a 3D model, represented as a 3D
level-set embedding function, w.r.t. pose, scale and shape, by aligning the
embedding function with depth data associated to the object of interest. The
embedding function was successfully compressed from 1283 to 253 DCT coef-
ficients (compression ration of 134, 22) and reduced from 253 to 2 dimensions
(bi-dimensional latent space) using GPLVM, for a more efficient search of the
optimal model.

The optimization was outstanding. For synthetic data and knowing two of the
three kind of data (pose, scale and shape) we have: the shape optimization
converges in 15 iterations with a reduction in error of 88.25% w.r.t. the initial
estimation; the pose optimization converges in 59 iterations achieving a final
error in position of 1.14cm and less that one tenth of degree in rotation around
each axis (reduction in position error of 96.70% and in rotation error around
z-axis of 99.93%) validating our proposed technique based on Lie algebra; the
scale optimization converges in 10 iterations, getting a final error of 0.53% of
the ground truth (reduction in scale error of 99.12%). For synthetic data and
if no one of the three kind of data (pose, scale and shape) is known, we need to
alternate the optimization algorithms for refining an initial estimation close to
the solution. We begin alternating the pose and scale optimization and once
this data is refined (pose and scale closer to the solution), we alternate them
with the shape optimization for refining the shape of the model. This process
took 200 iterations and the reduction of the errors are similar to the ones
obtained when two of the three kind of data are know: reduction in shape of
91.85%, in position error of 96.20%, in rotation error around z-axis of 99.89%
and in scale error of 98.55%.

For real data, we need to estimate an initial pose, scale and shape that are
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refined in a posterior iterative process with Levenberg-Marquardt. For an
initial estimation of position we use the centroid of the point cloud, adding
4% of the x component to itself since the data belongs just to a side of the
whole car. For the scale we consider the average distance of each point to
the centroid. We suppose a supporting plane in order to estimate two of the
three angles that define the initial orientation of the car. The third angle is
found with exhaustive search. This initial estimation is refined with respect
to pose and scale. Next, exhaustive search is carried out over the 49 models
used for learning the latent space. The resulting latent space that best fits
to the data is refined in a posterior optimization that besides pose and scale,
includes shape optimization. The optimal model is obtained after 110 and
115 iterations, for depth maps coming from the depth sensor and built with a
monocular camera, respectively. The projections of the models into the image
planes of real images show a tight overlapping with the car.

We propose as future work to use a depth and intensity-based energy function
when the depth data is not significant for computing an approximated initial
estimation in pose, scale and shape. We also leave as future work the automatic
segmentation of the car in the intensity image and the implementation in
commodity graphics hardware of the algorithm for estimating the optimal
model (object shape prior) described in this chapter (implemented currently
in Matlab).
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Chapter 5

Shape Prior Integration

5.1 Introduction

High-quality depth information is important for many applications, such as
3D scene reconstruction [97], visual odometry [41], action recognition [7], [64],
scene understanding [52], [103], 3D segmentation [32], [29], among others.
However, depth maps generally are noisy and incomplete. On one hand, a
depth sensor like the Kinect 1.0 estimates the depth of a scene by projecting
a pattern of infrared light and capturing the modified pattern after reflecting
on the objects. Specular or light absorbing materials, out of range regions and
occlusions produce corrupted depth maps with missing information. The most
challenging situation arises when unknown regions become large and irregu-
lar, affecting considerably the results of the applications. On the other hand,
real environments also present changes in light conditions and low-textured
objects. These facts break the Lambertian condition (photo-consistency) and
affect the photometric error estimation reducing the accuracy of the depth
maps built with a monocular camera. The regularisation term like the Total
Variation term, in a variational framework, tackles this problem to some ex-
tent, but under difficult conditions, the estimations still have low accuracy.
One alternative is to include information of a known object in the scene (ob-
ject shape prior).

We take into account the outstanding performance of variational techniques
applied to fusion of aerial images [46], where redundant data is used for en-
hancing the image with fine details and reducing noise, outliers and problems
due to illumination changes by performing joint inpainting and denoising. We
propose a novel way for merging two sources of depth data; one that is noisy
and incomplete (obtained from the sensor), and the other one obtained from
the optimal 3D model (shape prior), achieving a denoised and enhanced depth
map, especially in the region of the object of interest.

The main goal in this chapter is to improve the quality of a noisy and in-
complete depth map, obtained from a depth sensor or built with a monocular
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camera, by including information of the 3D model that best fits to depth data
of the object of interest. We can outline three main contributions: 1. We pro-
pose an approach to enhance depth maps by integrating depth measurements
and shape prior data using a novel formulation of an objective function with
a variational approach; 2. A novel variational formulation that integrates in
one algorithm both the module for dense mapping with monocular camera
and the module for depth merging using a shape prior. 3. The experiments
carried out in order to compute the completeness and accuracy of inpainted
and denoised depth maps.

The structure of this chapter is as follows. In section 5.2 we present simi-
lar works. In section 5.3 we present a detailed description of the proposed
variational technique for merging, inpainting and denoising depth maps, in
sequential (depth map building followed by shape prior integration) and si-
multaneous way (depth map building and shape prior integration at the same
time), using depth data from the sensor and from the shape prior. In section
5.4 we show the experiments carried out with a depth sensor, a monocular
camera and synthetic data. Finally, in section 5.5 we present the conclusions.

5.2 Related work

In this section we consider the systems described in related work of chapter
4 but now we give some details about the techniques used for integrating the
shape priors into the depth maps or into the dense reconstructions. We also
describe the system [46] that motivates our proposed technique, for merging
depth data of the shape prior and the depth map from the sensor, with an
additional inpainting and denoising effect.

In order to improve the accuracy of depth maps created with a monocular
camera, a shape prior that considers the scene with box-like structures, with
extensive low-texture surfaces like walls, ceilings and floors, can be used. This
scene shape prior allows to improve the whole scene. For example, the system
[69] estimates depth maps using a monocular camera in workspaces with large
plain structures like floors, walls or ceilings. The curvature of a second order
approximation of the data term at the minimum cost defines the reliability
of the initial depth, getting good depth estimations at the borders of bland
objects (high curvature). Good depth data is propagated to an interior pixel
(inpainting) from the closest valid pixels along the main 8 star directions by
defining a geomteric constraint with a variational approach, that favours solu-
tions with affine surfaces (prior). The energy is minimized in straight way with
the primal-dual algorithm. The system [11] shows outstanding performance
in low-textured image regions and for low-parallax camera motion. It includes
a term, besides the data term and regularisation term, that depends on three
scene priors: planarity of homogeneous color regions (using superpixels), the
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repeating geometric primitives of the scene (data-driven 3D primitives learned
from RGBD data), and the Manhattan structure of indoor rooms (layout esti-
mation and classification of box-like structures). The scene prior terms model
the distance from every point to its estimated planar prior. The energy is
minimized using a variational approach with a coupling term, the primal-dual
algorithm and exhaustive search. In contrast to [69], it requires a preprocess-
ing step.

Other kind of shape prior, the object-based one, is also employed for improving
the dense reconstruction built with a monocular camera. The system [3] uses a
warped mean shape and anchor points to model objects and improve the recon-
struction got with structure from motion (SFM) or multi-view stereo (MVS)
techniques. The augmented reconstruction consists in matching anchor points
(HOG features), warping by anchor points (an extension of thin-plate spline
transformations [74]) and refinement. The system [13], incorporates PTAM
[44] and a module for building depth maps with a variational approach in
order to create a dense reconstruction that is enhanced by adding data of
a model optimized w.r.t. pose, scale and shape, using GPLVM to model the
shape. The optimal object is directly fused with the volumetric representation
(shifting TSDF values of voxels associated to the car), obtaining full scaled 3D
reconstructions with the known object segmented from the scene, and some of
the unseen parts of the scene reconstructed (robustness to occlusions).

The system [46] computes range images and transforms a large point cloud
into a common orthographic aerial view. This noisy color image with unde-
fined areas due to occlusions and non-stationary objects is subjected to denois-
ing and inpainting by integrating redundant observations of the same scene
using variational techniques. Since TV-based regularisation produces unnatu-
ral inpainting, a wavelet regularisation (dual-tree complex wavelet transform
DTCWT) is used, which enables a natural-appearing recovery of fine details
in the images. The Huber norm of the data term measures the discrepancy
between the input observations and the sought solution. It uses the iterative
and alternating primal-dual algorithm for minimizing the proposed energy.
The experiments over synthetic data and real aerial images show high quality
reconstructions.

We employ object shape priors like [49] and [13], but instead of modifying a
point cloud like [49] or a volumetric structure directly like [13], we enhance the
built depth maps by merging a synthetic depth map obtained from the shape
prior using a novel variational formulation that considers an additional term
for the shape prior data, like is done in [69], [11], and exploiting the ideas of
[46] where color aerial images are fused considering the redundant information
of the scene.
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5.3 Merging, Inpainting and Denoising of Depth maps

For texture inpainting TV-based methods produce results that look unnatural
near recovered edges so variants like wavelet transform are used for overcoming
this problem. TV-based methods are well suited for tasks like depth data
integration, as was probed in [102]. In our context, an energy defined by a TV-
based regularisation together with a data term that measures the discrepancy
between two sources of data (the depth maps obtained from the modelDm(µ)
and from the sensor Ds(µ)) and the sought solution Df (µ), is implemented.

min
Df

E(Df (µ)) =
∫  ‖∇Df (µ)‖1︸ ︷︷ ︸

regularisation term

+λ
2∑

k=1
wk(µ)‖Df (µ)−Dk(µ)‖ε︸ ︷︷ ︸

data term

dµ,
(5.1)

where λ defines the balance between the regularisation term and the data
term, D1(µ) = Ds(µ), and D2(µ) = Dm(µ). We apply the robust Huber
norm over the data term where

‖x‖ε =
{ ‖x‖2

2
2ε if ‖x‖2 ≤ ε,
‖x|1 − ε

2 otherwise
(5.2)

The L2
2 norm works for small values, which is appropriate for handling Gaus-

sian noise, promoting smooth depth regions while the L1 norm allows disconti-
nuities at depth edges for larger errors. Missing data in depth maps (undefined
pixels) defines the inpainting domain,

wk(µ) ∈ {0, 1}, (5.3)

where w(µ) = 0 corresponds to pure inpainting at location µ. The energy
defined in eq. (5.1) is minimised using a first-order primal-dual algorithm.

5.3.1 Primal-Dual algorithm

The regulariser and the data term of eq. (5.1) can be written in a more general
form:

min
y
F (Ay) +

2∑
k=1

Gk(y), (5.4)

In our case, A = ∇ the gradient operator, F (Ay) = ‖Ay‖1, Gk(y) = λ$k‖y−
ϕk‖ε, y, ϕk and$k are row-wise vector versions of the sought solutionDf (µ),
the depth sources Dk(µ), and the matrix wk that defines the inpainting do-
main, respectively. We do Legendre-Fenchel transforms in this way:
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F (Ay) = max
‖%‖2≤1

〈Ay,%〉 − F ∗(%) (5.5)

Gk(y) = max
|rk|1≤λ$k

〈y −ϕk, rk〉 −Gk
∗(rk) (5.6)

where % and rk are dual variables associated to the primal variables y and ϕk
respectively, and 〈·, ·〉 corresponds to the dot product. Replacing (5.5) and
(5.6) in (5.4) we get the primal-dual formulation of this nonlinear problem. It
is a generic saddle-point problem

min
y

max
|rk|1≤λ$k,‖%‖2≤1

〈Ay,%〉 − F ∗(%) +
2∑

k=1
[〈y −ϕk, rk〉 −Gk

∗(rk)] (5.7)

where F ∗(%) and Gk
∗(rk) are the convex conjugates of F (Ay) and Gk(y),

respectively, and are defined as

F ∗(%) = δ%(%) (5.8)

Gk
∗(rk) = δrk

(rk) + ε

2‖rk‖
2
2 (5.9)

where δ% and δrk
are indicator functions of the convex sets, defined as

δ%(%) =
{

0 if ‖%‖1 ≤ 1
∞ otherwise (5.10)

δrk
(rk) =

{
0 if |rk|1 ≤ λ$k

∞ otherwise (5.11)

We propose to use the scheme of [46] (where color images for aerial applications
are merged, denoised and inpainted) for merging depth data of two sources,
getting an enhanced depth map. The iterative optimization corresponds to
perform in alternating way gradient ascent over the dual variables and gradient
descent over the primal variable y, projecting the results onto the constraints
and updating the primal variable, as is summarized next.


%n+1 = proj%(%n + σAȳn)
rn+1
k = projrk

(
rnk +σ(ȳn−ϕk)

1+σε

)
, k = 1, 2.

yn+1 = yn − τ(A∗%n+1 +∑2
k=1 r

n+1
k )

ȳn+1 = yn+1 + Φ(yn+1 − yn)

(5.12)

where A∗ is the adjoint operator of the gradient operator and corresponds to
the negative divergence operator, Φ = 1, proj% and projrk

are projections of
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the dual variables % and rk, respectively, onto convex sets. They are defined
for each element of the vectors as

proj%(%̃) = %̃

max(1, |%̃|) (5.13)

projrk
(r̃k) =


r̃k if |r̃k| < λ$k

λ$k if r̃k > λ$k

−λ$k if r̃k < −λ$k

(5.14)

Following the algorithm 1 of [5] and the parameter settings of [46] we set the
primal and dual time steps with τ = 0.05 and σ = 1/(8τ). The Huber norm
parameter ε and the balance parameter λ are defined in results section for
each experiment. We set the initial primal variable as ȳ0 = ϕs since it is the
most informative depth source. Moreover, we initialize possible missing data
of ȳ0 with the average depth of ϕs. The dual variables % and rk are initialized
with zeros.

5.3.2 Putting together depth map estimation and shape prior
integration

The algorithm described in chapter 3 for building a depth map with a monoc-
ular camera and the algorithm described previously in this chapter for inte-
grating the shape prior with a depth map are based on variational techniques
that are solved with the primal-dual algorithm so they share common mod-
ules. Moreover, the object of interest is static and rigid so its pose, scale
and shape do not change with time. We exploit these facts for implement-
ing one algorithm that takes a shape prior estimated previously (for example
in a previous keyframe) and makes simultaneously depth map building and
shape prior integration. Now, we integrate shape prior data into the energy
functional (3.9) with an additional term, the shape prior term,

E(µ, ζr(µ)) =
∫

(w(µ)‖∇ζr(µ)‖ε︸ ︷︷ ︸
regularisation term

+

λmwm(µ)‖ζr(µ)− ζm(µ)‖εm︸ ︷︷ ︸
shape prior term

+λC(µ, ζr(µ))︸ ︷︷ ︸
data term

)dµ,
(5.15)

where λm is a balance factor for the shape prior term, wm ∈ {0, 1} defines the
inpainting domain of the inverse depth map obtained from the model ζm(µ).
The shape prior term forces the solution ζr(µ) to be similar to the shape prior
ζm(µ). Using the decoupling approach and discretizing the energy we have
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min
y,z

‖AWy‖ε︸ ︷︷ ︸
regularisation term

+λm$m‖(y −ϕm)‖εm︸ ︷︷ ︸
shape prior term

+

1
2θ‖y − z‖

2
2︸ ︷︷ ︸

decoupling term

+ λC(z)︸ ︷︷ ︸
data term

,
(5.16)

where A = ∇ is the gradient operator,W is the element-wise weighting matrix,
y, ϕm, z and $m are row-wise vector versions of the sought solution ζr(µ),
the inverse depth map of the model ζm(µ), the auxiliary variable η and the
inpainting domain of the inverse depth map of the model wm(µ), respectively.
For a fixed auxiliary variable z, the regularisation term and the shape prior
term have the general form of eq. (3.17), where F (Ay) = ‖AWy‖ε, Gk(y) =
λ$k‖y −ϕm‖ε. With Legendre-Fenchel transforms, we get

min
y

max
‖rk‖1≤λ$k,‖%‖2≤1

〈AWy,%〉 − F ∗(%)+

〈y −ϕm, rm〉 −Gk
∗(rk) + 1

2θ‖y − z‖
2
2

(5.17)

where % and rk are dual variables associated to the primal variables y and
ϕm respectively. F ∗(%) and Gk

∗(rk) are the convex conjugates of F (Ay) and
Gk(y), respectively. They are defined as

F ∗(%) = δ%(%) + ε

2‖%‖
2
2 (5.18)

Gk
∗(rk) = δrk

(rk) + εm
2 ‖rk‖

2
2 (5.19)

δ% and δrk
are the same as the ones defined in eq. (5.10) and (5.11). The

parameter settings is similar to the one used for denoising, inpainting and
integration described previously. Considering the auxiliary variable z fixed,
the gradient ascent and gradient descent steps of the primal dual algorithm
are



%n+1 = proj%(%
n+σWAȳn

1+εσ )
rn+1
m = projrm

(
rnm+σ(ȳn−ϕm)

1+σεm

)
yn+1 = yn−τ(WA∗%n+1+rn+1

m − 1
θn
zn)

1+ τ
θn

ȳn+1 = yn+1 + Φ(yn+1 − yn)

(5.20)

where A∗ is the negative divergence operator, σ and τ are the step size for the
dual variables %, rm, and for the primal variable y respectively, Φ = 1, proj%
and projrm

are projections of the dual variables % and rm, respectively, onto
convex sets. They were defined in eq. (5.13) and (5.14). Finally, for a fixed
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(and updated) y we use a point-wise search to solve the remaining non-convex
function defined in eq. (3.23). The primal-dual algorithm and the exhaustive
search are alternated and θn is decreased as was done for building the depth
map in chapter 3.

5.4 Results

In order to quantify the improvement in accuracy and in completeness when
a synthetic depth map obtained from the shape prior is integrated (sequen-
tially or simultaneously) into a noisy and incomplete depth map, we carry out
experiments with the Kinect 1.0, with a depth map built using a monocular
camera and with synthetic depth maps.

5.4.1 Results with a depth camera

We have aligned an embedding function of a car model that best fits to depth
data, w.r.t shape, pose and scale. This optimal 3D model (shape prior) was
represented as a mesh (see fig. 5.1(a)) and projected into the image plane
by deleting the depth buffer of OpenGL (see fig. 5.1(b)). Note how well the
projection of the model superimposes the real car.

(a) Image plane, camera pose (x-axis in
yellow, y-axis in green), and 3D model
with optimal pose, scale and shape.

(b) Projection of the optimal 3D
model into the image plane

Figure 5.1: (a) Image plane, camera pose and 3D model. (b) Projected 3D
model into the image plane.

Since the main goal is to reduce noise and complete missing data in the depth
map, especially in the region of the car, we get depth data of the optimal 3D
model seen from the real camera pose. Figure 5.2(a) shows the depth map
captured with a depth sensor while fig. 5.2(b) shows the depth map obtained
from the optimal 3D model. Note that the former image has missing data due
to possible dark, very reflective and translucent objects, out of range objects
or occlusions. The last image has defined data just for the 3D model. Figures
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5.3(a) and 5.3(b) correspond to the masks ws(µ) and wm(µ), where 1 repre-
sents defined data and 0 missing data (inpainting domain).

(a) Depth map Ds(µ) from the
depth sensor.

(b) Depth map Dm(µ) obtained
from the model.

Figure 5.2: Depth maps obtained from (a) the sensor and (b) the model. Red
represents high depth while green represents low depth.

(a) Mask ws(µ) that defines de
inpainting domain for depth map
Ds(µ).

(b) Mask wm(µ) that defines de
inpainting domain for depth map
Dm(µ).

Figure 5.3: Masks that define the inpainting domain for depth maps obtained
from (a) the sensor and (b) the model.

The balance λ is 0.8, the threshold for the Huber norm ε is 0.1 and the maxi-
mum number of iterations is 200. Figure 5.4 shows the evolution of the sought
solution through the optimization process, initializing with the depth map
from the sensor Ds(µ) (see fig. 5.4(a)). For iteration 100 (fig. 5.4(c)) the in-
painting and denoising process has a good result but we can observe changes
in depth in borders of areas where data was filled, specially in the laptop,
desk and car. For iteration 200 (5.4(d)) the filled areas are smooth and un-
detectable, achieving a real appearance. Note that the inpainting in the top
and right side of the depth map is not so good since there is not data neither
in Ds nor Dm and the missing data covers large areas.
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(a) Depth map from sensor Ds(µ). (b) Sought depth mapDf (µ) for it-
eration 40.

(c) Sought depth map Df (µ) for it-
eration 100.

(d) Sought depth mapDf (µ) for it-
eration 200.

Figure 5.4: (a) Initial depth map Ds(µ). Sought depth map Df (µ) for itera-
tions (b) 40, (c) 100 and (d) 200 of the primal-dual algorithm. Red represents
high depth while green represents low depth.

We analysed the performance of the inpainting and denoising algorithm using
a slice around the x-axis (see fig. 5.5). Note that missing data stays mainly in
the image borders, in the laptop area and in the car area (inside the vertical
lines in fig. 5.5). It is 22.81% of the total amount of data in the slice. The
solution remains similar to the sensor data but it fills missing data, integrates
depth data obtained from the model, is smooth and preserves discontinuities.
Evaluating the completeness of the car, we can state that the algorithm fills
33.28% of missing data. This estimation was done for pixels belonging to the
segmented area of the whole car.
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Figure 5.5: Depth for x-slice, row 370. The smoother and complete solution
is drawn in cyan while the incomplete depth from the sensor is drawn in dark
blue. The two vertical lines encompass the car.

5.4.2 Results with monocular camera

Now we use the depth map built with the monocular camera and the opti-
mal 3D model w.r.t. shape, pose and scale for enhancing the quality of the
depth data. Figure 5.6 shows how the projection of the optimal 3D model
superimposes the toy car in the intensity image.

(a) Image plane, camera pose (x-
axis in yellow, y-axis in green),
and 3D model with optimal pose,
scale and shape.

(b) Projection of the optimal 3D
model into the image plane.

Figure 5.6: (a) Image plane, camera pose and 3D model. (b) Projected 3D
model into the image plane.

The depth map built with the monocular camera is presented in fig. 5.7(a).
Note that this image does not have missing data unlike the data from depth
sensor (see fig. 5.2(a)) so the main goal in this case is to smooth the image
and improve the accuracy of depth data for the car with the shape prior. We
create a synthetic depth map with the optimal 3D model by reading the depth
buffer of OpenGL from the real camera pose. This depth map is presented in
fig. 5.7(b).
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(a) Depth map Ds(µ) built with
a monocular camera.

(b) Depth map Dm(µ) obtained
from the model.

Figure 5.7: Depth maps (a) built with a monocular camera and (b) obtained
from the model. Red represents high depth while blue represents low depth.

The balance λ is 0.8, the threshold for the Huber norm ε is 0.05 and the
maximum number of iterations is 100. Figure 5.8 shows the evolution of
the sought solution through the optimization process. Note that the more
significant changes occur in the car area where the depth map built with the
monocular camera and the depth map from the optimal 3D model interact
and integrate. Outside the car area just depth smoothing is carried out.

(a) Built depth map Ds(µ). (b) Sought depth map Df (µ) for
iteration 40.

(c) Sought depth map Df (µ) for
iteration 70.

(d) Sought depth map Df (µ) for
iteration 100.

Figure 5.8: (a) Depth map built with a monocular camera. Sought depth map
Df (µ) for iterations (b) 40, (c) 70 and (d) 100 of the primal-dual algorithm.
Red represents high depth while green represents low depth.
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Figure 5.9 compares depth data through the x-slice for row 210. In this figure
we can see the smoothing effect and the changes in depth inside the car area.

Figure 5.9: Depth for row 210; the data of the built depth map is drawn in
dark blue, the smoother and complete solution resulting from merging data is
drawn in cyan and the incomplete depth from the sensor is drawn in green.
The vertical lines encompass the car.

Simultaneous depth map building and shape prior integration

The alternative approach, that makes simultaneously depth map building and
shape prior integration (supposing that we already have a shape prior), pro-
duces similar results than running both algorithms sequentially. Figure 5.10(a)
shows the initial depth map got by solving the data term (see eq. (3.7)) while
fig. 5.10(b) shows the results of the simultaneous depth refinement and shape
prior integration defined in eq. (5.20). In fig. 5.10(c) we can see a comparison
of depth data through the x-slice for row 210.

For quantifying these improvements we compute the error in depth of the built
depth map, of the depth map estimated with a sequential building and shape
prior integration and of the depth map estimated with a simultaneous refine-
ment and shape prior integration, considering only the segmented area (car
area) and taking the depth from the Kinect 1.0 as reference. The comparison
is summarized in table 5.1. We found that the RMSE, the mean error and
the median error diminish when shape prior data is integrated in a sequential
or simultaneous way, although the maximum values (in both algorithms) and
the standard deviation (in the simultaneous algorithm) increase a little bit due
to mismatches in the borders of the car. Moreover, comparing these values
we can say that the simultaneous algorithm produces depth maps with higher
accuracy in the car area than the sequential one.
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(a) Initial depth map computed with
eq. (3.7).

(b) Depth map after 200 iterations of
the algorithm for simultaneous depth
refinement and shape prior integra-
tion.

(c) Depth for row 210. The vertical lines encompass
the car.

Figure 5.10: (a) Initial depth map computed by solving eq. (3.7), (b) Resulting
depth map after 200 iterations of the algorithm for refining and shape prior
integration, (c) Depth for row 210; data from the built depth map (dark blue),
the smoother and complete solution resulting from merging the shape prior
(cyan) and the incomplete depth from the sensor (green).

Table 5.1: Comparison of accuracy in depth, in the car area, for the depth
map built with the monocular camera DMB and the depth maps resulting
from merging the shape prior data in sequential SPI and simultaneous way
DMB-SPI.

Quantity \Algorithm DMB SPI DMB-SPI
RMSE [m] 0.0624 0.0572 0.0531
Max. error [m] 0.2038 0.2195 0.2316
Min. error [m] 3.4114e-04 1.0117e-04 5.7745e-05
Mean error [m] 0.0596 0.0545 0.0487
Median error [m] 0.0582 0.0537 0.0452
Standard dev. [m] 0.0187 0.0176 0.0212

Finally, we present the processing time for the main steps of the three algo-
rithms: depth map building, shape prior integration and simultaneous depth
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map building and shape prior integration. Since they share the same struc-
ture, with the primal-dual algorithm for solving the optimization problems,
the processes are similar, as is shown in table 5.2. An iteration for building a
depth map takes 18.452ms so the computation of the initial depth map and
200 iterations for refining it takes 4.7529s. An iteration for integrating the
shape prior data into the built depth map takes 15.694ms so the total time
for 100 iterations is 1.5694s. The time for building and merging shape prior
data sequentially is 6.3223s. On the other hand, an iteration of the algorithm
that makes simultaneously depth refinement and shape prior integration takes
25.287ms. Considering the time for estimating the initial depth map and
200 iterations of the simultaneous algorithm, the resulting depth map takes
6.1199s.

Table 5.2: Processing time for depth map building DMB, shape prior integra-
tion SPI and both depth map building and shape prior integration simultane-
ously DMB-SPI.

Process \Algorithm Time[ms]
DMB

Time[ms]
SPI

Time[ms]
DMB-SPI

Creation initial depth map
Eq. (3.7) 1062.5 — 1062.5
Update of %
First line of eq. (3.22) 6.627
First line of eq. (5.12) 6.501
First line of eq. (5.20) 6.648
Update of r
Second line of eq. (5.12) — 5.373
Second line of eq. (5.20) — 5.415
Update of y
Second line of eq. (3.22) 3.350
Third line of eq. (5.12) 3.247
Third line of eq. (5.20) 3.366
Update of z
Eq. (3.23) 6.293 — 6.352
Remaining processes 2.182 0.573 3.506
TOTAL ITERATION 18.452 15.694 25.287

5.4.3 Results with Synthetic Depth maps

For this experiment we have created in Blender a 3D scene composed of a
floor, a desk, a car, a mug and a lamp. A depth map (see fig. 5.11(b)) and
a rgb image have been rendered from the virtual camera. The depth data is
in the range [1.2045 8.9610]m. We added Gaussian white noise with SNR of
5dB to the rgb image (see fig. 5.11(a)) and 30dB to the depth map. More-
over, we simulated missing data in the depth maps with rectangles of 40× 20
pixels containing Nans, randomly placed in the depth maps. The percentages
of missing data that we used were 23.65% and 40.02% (see figs. 5.11(c) and
5.11(d), respectively).
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(a) Synthetic RGB image with noise
(SNR= 5dB).

(b) Synthetic depth map (ground
truth).

(c) Synthetic depth map with noise
(SNR= 30dB) and missing data
(23.65%).

(d) Synthetic depth map with noise
(SNR= 30dB) and missing data
(40.02%).

Figure 5.11: Synthetic data used for estimating the accuracy of the algorithm
that makes denoising, inpainting and merging. (a) RGB image with noise,
(b) Depth map (ground truth), (c) Depth map with noise and missing data
(23.65%), and (d) Depth map with noise and more missing data (40.02%).

The process for estimating the optimal shape prior (initial estimation and the
iterative refinement) and for getting a depth map of this model is similar to
the one carried out in chapter 4. Figures 5.12(a) and 5.12(b) show the aligned
models with the point clouds for 23.65% and 40.02% of missing data, respec-
tively. Figures 5.12(c) and 5.12(d) show the synthetic depth maps obtained
from the optimal models for 23.65% and 40.02% of missing data.

Our algorithm performs 500 iterations for the depth map with 23.65% of miss-
ing data and 700 iterations for the one with 40.02%. We compare the results
with the ones obtained with the outstanding system of Pertuz and Kamarainen
[67], employing their code publicly available. It uses anisotropic diffusion and
a region-based approach for inpainting sparse depth maps. Table 5.3 shows
that our algorithm outperforms [67] for both percentages of missing data. In
fig 5.13 we can see that the inpainted and denoised depth map got with our
algorithm is smoother and preserves discontinuities in a better way than [67].
We did not use more percentage of missing data since it affects the alignment
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(a) Aligned 3D model with the point
cloud for missing data of 23.65%.

(b) Aligned 3D model with the point
cloud for missing data of 40.02%.

(c) Depth map from model for
23.65% of missing data.

(d) Depth map from model for
40.02% of missing data.

Figure 5.12: Results of the alignment process between a 3D-level set and the
point cloud. (a) For depth map with missing data of 23.65% and (b) For depth
map with missing data of 40.02%. Synthetic depth maps obtained from models
for (c) 23.65% and (d) 40.02% of missing data.

of the model, producing incorrect estimations of the optimal model.

Table 5.3: Comparison of RMSE [m] of our algorithm and [67].

Missing data \Algorithm Ours [67]
23.65% 0.1498 0.1600
40.02% 0.1869 0.2188
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(a) Synthetic depth
map (ground truth).

(b) Synthetic depth
map with noise
(SNR= 30dB)
and missing data
(23.65%).

(c) Inpainted and De-
noised depth map got
with our algorithm.

(d) Inpainted and
Denoised depth map
got with [67].

(e) Synthetic depth
map (ground truth).

(f) Synthetic depth
map with noise
(SNR= 30dB)
and missing data
(40.02%).

(g) Inpainted and
Denoised depth
map got with our
algorithm.

(h) Inpainted and
Denoised depth map
got with [67].

Figure 5.13: The first row contains images for the depth map with missing
data of 23.65% while the second row for the depth map with missind data of
40.02%. From left to right: ground truth, depth map with noise and missing
data, our results, results using [67].

5.5 Conclusions

We have developed a novel algorithm -inspired on the fusion of aerial images
for enhancing the image with fine details and reducing noise when redundant
information is available- that uses depth data of the optimal model (shape
prior) for depth merging, denoising and inpainting, enhancing a raw depth
map taken with a depth camera or built with a monocular camera. A 3D
model, represented as a 3D level-set embedding function, is previously opti-
mized w.r.t. pose, scale and shape in order to align it with a point cloud
associated to the object of interest. Once this alignment is done, a synthetic
depth map obtained from the optimal model is created and integrated to the
built depth map. The integration is done by minimizing an energy functional
made up of a regularisation term that smooths the solution and a data term
that diminishes the discrepancy between the sough solution and the input
depth maps: the raw depth map from the sensor and the depth map obtained
from the shape prior. In the simultaneous way, the energy functional for build-
ing a depth map is modified by adding a term that constraints the solution to
be similar to the synthetic depth map obtained from the shape prior.
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The improvement in accuracy is quantified. The results are satisfactory. 1.
In completeness of a depth map got with the depth sensor, filling 32.28% of
missing data in the segmented region of the car, in 200 iterations, smoothing
the data and preserving discontinuities. 2. When the shape prior is integrated
into the built depth map the mean error in the segmented area diminishes from
0.0596m to 0.0545m for the sequential algorithm and from 0.0596m to 0.0487m
for the simultaneous algorithm, and the data for both cases is smoother, closer
to the object’s shape and preserves discontinuities. 3. For the experiment with
synthetic data, the accuracy of the enhanced depth maps is higher than the
one obtained with the outstanding algorithm for depth recovery [67], for both
percentages of missing data, 23.65% and 40.02% .

The processing time in commodity graphics hardware is 6.3223s for the se-
quential algorithm, with 200 iterations for building a depth map and then
100 iterations for merging shape prior data. The processing time is 6.1199s
for the simultaneous algorithms with 200 iterations for building a depth map
and merging shape prior data at the same time (times do not consider the
estimation of the shape prior).
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Chapter 6

Dense Reconstruction with Shape Prior

6.1 Introduction

We create a dense reconstruction by fusing depth maps taken with a depth
sensor or built with a monocular camera. However, depth maps are generally
noisy and incomplete. Dark, very reflective and translucent objects, out of
range objects and occlusions produce noise and black areas in the depth maps
taken with a depth sensor. Real environments also present changes in light
conditions and low-textured objects, affecting the depth maps estimated with
a monocular camera. As we analysed on chapter 5, including shape informa-
tion of a known object in the scene improves the accuracy of the depth map.
Moreover, since our algorithm besides merging depth data of the shape prior,
makes denoising and inpainting, the enhancement achieved in the depth maps
is significant.

Instead of including directly into the general reconstruction of the scene the
calculated shape prior as an entire model defined also as a volumetric struc-
ture, we propose to fuse depth maps enhanced with depth data obtained from
the shape prior. In this way, neither the TSDF values of the general volu-
metric structure should be shifted by the TSDF values of the shape prior nor
its weights should be modified with hight values but the TSDF values will
be adjusted according to the enhanced depth maps and the weights will be
incremented by one unit, in a natural way.

The main contributions of this chapter are the next ones. First, a novel scheme
(see fig. 1.1) for improving the dense reconstruction, got with a monocular
camera or with a depth camera (moved by hand in a small scene), by integrat-
ing depth data from a shape prior associated to an object of interest. Second,
a color management algorithm, similar to the TSDF management, that allows
the system to store color information around the whole trajectory and get a
model with full color data. Third, the experiments for quantifying the im-
provements in accuracy of the dense reconstruction achieved when shape prior
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data is merged, specially in the region of the object of interest.

In section 6.2 similar works are presented. In section 6.3 the volumetric struc-
ture, the voxel update and the marching cubes algorithm are analysed in
detail. The experiments for quantifying the accuracy of the dense reconstruc-
tion and the improvements achieved by merging the shape prior are described
in section 6.4. Finally, the conclusions are presented in section 6.5.

6.2 Related work

KinectFusion [61], is the first system that builds a dense reconstruction of
room-sized scenes and simultaneously localizes the camera at 30Hz, using
a hand-held RGB-D camera from Microsoft, the Kinect 1.0, and one GPU.
The model-to-frame tracking is based on coarse-to-fine iterative closest point
ICP. It minimises the point to plain distance of points matched using projec-
tive association rather than feature extraction and matching. The three-level
pyramid is built with vertices and normals maps from depth maps obtained
from the sensor and from the reconstructed model. Once the camera pose is
estimated, the depth maps captured with the sensor are fused and the model
is updated. The truncated signed distance function, TSDF, is used for storing
the depth data through the time, and ray casting for explicitly visualizing the
model.

Kintinuous [96], based on their previous work [95], is an extension of Kinect-
Fusion for working in both room-sized environments and large scale paths.
The cost function integrates the cost of the RGB-D frame-to-frame tracking
of [87] (implemented on GPU), and the cost of the original model-to-frame
ICP tracking of KinectFusion [61], in order to tackle poor performance when
the camera points to a flat wall or corridors with no significant 3D features.
They use another visual odometry system called FOVIS, [38], that relies on
FAST feature correspondences in the RGB images, and that automatically
switches when a planar environment appears. Unlike [61], Kintinuous makes
use of both dense depth and photometric data. Moreover, it integrates color
information in the reconstruction process, getting full colored models. The
color volume is updated based on KinFu [76], but with real time surface color-
ing and rejection of unreliable color measurements by both not updating color
close to depth discontinuities and using a weight that depends on the angle
between the surface and the camera. It works at 30Hz using one GPU.

The system in [13] combines shape priors and live dense reconstruction using
a monocular camera. Photo-consistency and a variational approach are used
for building depth maps [62] that are fused for creating a dense representation
of the scene, PTAM [44] for tracking the monocular camera, part-based object
detector [28] for detecting, segmenting (giving also the posterior probabilities),
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and estimating an initial pose of the object in the scene, GPLVM to represent
shape priors, and Levenberg Marquadt for the iterative optimization over the
pose, scale and shape of the object. The energy function, besides depending
on the evaluation of the 3D points on the embedding function (depth-based
energy function) as [73] and [49], depends on the matching between the 2D
object segmentation, defined by the foreground and background, and the pro-
jected 3D SDF (image-based energy function). The optimal object is directly
fused with the volumetric representation, obtaining full scaled 3D reconstruc-
tions with the known object segmented from the scene, and some of the unseen
parts of the scene reconstructed (robustness to occlusions).

6.3 Volumetric Fusion

Depth data coming from either a depth camera, a data set, or built from im-
ages obtained with a monocular or stereo camera, must be represented in a
global reference frame. A simple representation could be overlapping scans, for
example, drawing local point clouds in a global coordinate system. A better
representation is obtained with volumetric fusion of depth maps which gener-
ates a surface by computing the zero crossing of the function. The surface is
represented as a set of triangles in 3D, obtained from the volumetric structure
by applying the marching cubes algorithm. This 3D scene is rasterized in a
2D representation in order to visualize it on a screen. This representation is
computationally more efficient, more realistic and allows a richer interaction
with real or virtual objects, in robotics or augmented reality.

The constituent element of the volumetric structure is a voxel. We will denote
a voxel as φ(X), where X ∈ R3 is the centroid of the voxel. It stores a
truncated signed distance function value TSDF, a structure with RGB color
data C, and a weight W ,

φ(X) 7→ [TSDF,C,W ]. (6.1)

The TSDF, is a truncated version of the SDF, used in computer graphics
for representing surface interfaces as zero, free space as positive values that
increases with the distance to the closest surface and (possible) occupied space
as a negative value. The structure for color data stores the RGB components
of the image coming from the scene, in the range [0,1] (in our work [20], we also
work with color associated to the category of objects detected in the scene).
The weight reflects the confidence of the TSDF value.
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6.3.1 Volumetric structure

The user can define the resolution of the reconstructed model through the
size of the volumetric structure and the number of voxels in each dimension.
The numeration of vertices and edges of an individual voxel is shown in figure
6.1(a). For carrying out marching cubes each vertex must have a TSDF value
and a color C. Since each voxel stores just one TSDF and C, we create an
extended structure based on the neighbouring voxels, as is shown in figure
6.1(b). The TSDF of voxel φ`(X) is assigned to Vertex `, for ` = 0 : 1 : 7.
The same assignment is done for the RGB color C of the voxel φ`(X).

(a) Numeration of edges and ver-
tices for an individual voxel used
for getting a surface representa-
tion.

(b) Neighbouring voxels (in
black) used for assigning a TSDF
and a color value to each of the
eight vertices of the main voxel
(in red).

Figure 6.1: Notation for applying marching cubes to the volumetric structure.

6.3.2 Voxel update

The depth measurement D(µ), where µ = (u, v) is a coordinate in the image
plane, has an uncertainty of ς around the true value, so the measure is likely
to be in the range [D(µ)− ς,D(µ) + ς] over the ray that passes through the
voxel φ`(X) (see fig. 6.2). The free space is in the range [0, D(µ) − ς] and
no information about the surface is obtained farther than D(µ) + ς (occupied
or free space). With TSDF, points that are in free space within a distance
greater than ς from the closest surface will be truncated to a maximum value.
Points that are far from the visible surface are not measured.

The TSDF value for a voxel φ with center X, given the camera pose Twck and
a depth map from this pose Dck , is computed as

TSDF(X) = Ψ(Dk(µ)−Xz) (6.2)

where the subindex z corresponds to the z coordinate of the centerX of a voxel
φ (referenced to the camera frame) and Dk(µ) is the depth of the 3D point
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Figure 6.2: Ray that passes through the voxel i (dark blue), range of uncer-
tainty of the measured depth (yellow), surface been scanned (light blue) and
difference between the measured depth and the z-coordinate for a voxel i (in
camera frame). The last value is used for computing the TSDF.

that lies in the surface and is intersected by the ray. The relation between X
and µ is,

µ = Kπ(X), (6.3)

where π is the function that computes normalized homogeneous coordinates
(x/z, y/z, 1) and K is the intrinsic camera matrix. Ψ(·) performs the SDF
truncation

Ψ(η) =

min(1, η
ς
)sgn(η) iff η ≥ 0

null otherwise
(6.4)

The fusion of depth maps in the volumetric structure corresponds to the
weighted average of all the TSDF computed for each depth map, it means,

TSDFk(X) = Wk−1(X)TSDFk−1(X) +W (X)TSDF(X)
Wk−1(X) +W (X) (6.5)

The update in the color for each channel of the RGB data is an extended
version of (6.5):

Ck(X) = Wk−1(X)Ck−1(X) +W (X)C(X)
Wk−1(X) +W (X) (6.6)

where C(X) = Ik(µ), and µ was defined in (6.3). Next, the weight is updated
as follows.

Wk(X) = Wk−1(X) +W (X) (6.7)
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The weight provides information about the uncertainty of a TSDF value, so it
can be set according to the depth and angle between the associated pixel ray
direction and the surface normal in the local frame. However, we used simply
W (X) = 1, that averages the TSDF values, getting good results.

6.3.3 Marching cubes

This algorithm creates a polygonal representation of an isosurface of a 3D
scalar field. If one vertex is above the isosurface and an adjacent vertex is
below, the isosurface cuts the edge between these two vertices. The position
where it cuts the edge will be computed by interpolating the TSDF of the
adjacent vertices:

Xvert = X1 +m(X2 −X1) (6.8)

where Xvert is the vertex of a triangle that represents the isosurface, X1 and
X2 are the position of adjacent vertices of the cube, with local coordinate
system, and

m = isovalue− TSDF1

TSDF2 − TSDF1
, (6.9)

with isovalue = 0. The color is interpolated for each channel using the same
ratio m,

Cvert = C1 +m(C2 −C1). (6.10)

6.4 Results

The first experiments are made for computing the accuracy of the recon-
structed 3D model using synthetic data. In this case, the error in 3D geome-
try is computed by comparing a triangular mesh from a loaded model (ground
truth) and the point cloud made up of vertices of the reconstructed model. For
the second kind of experiments, we use raw depth maps (from a depth sensor
or from a monocular camera) and enhanced ones with shape prior data. We
quantify the effects that shape priors produce in the dense reconstruction and
the improvement in accuracy in shape of the dense reconstruction associated
to the object of interest.

6.4.1 Results of Dense Localization and Mapping

Our system for dense tracking and mapping, with color from the scene, runs
on a laptop ASUS G551VW with a processor Intel Core i7-2.6GHz, 8GB of
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RAM memory, a graphic processor NVIDIA GEFORCE 960M and Ubuntu
14.04 as operating system. We carried out experiments with data obtained
from both a depth camera, the Kinect 1.0, and a synthetic dataset of A. Handa
[36] which provides the ground truth in camera pose (perfect ray-traced im-
ages taken at 100 fps). OpenCV is employed for processing images, Eigen3 for
some matrix operations, OpenGL for drawing the 3D model and for getting
depth information from the model, Cuda 7.5 and Thrusth library for improving
the performance using commodity graphics hardware and OpenNI for work-
ing with the Kinect. The processing time in commodity graphics hardware
for fusing depth maps and for the marching cubes algorithm was presented in
chapter 2, in table 2.6.

Accuracy in 3D geometry

We use a 3D model that represents a desktop-like environment (ground truth),
downloaded from TurboSquid [100], and the software CloudCompare [33], for
performing the comparison.

The 3D model is loaded in OpenGL, using just geometric data (fig. 6.3(a)).
The virtual camera is located in such a way that circular and vertical scanning
at different longitudes (changes in azimuth and elevation of 10◦) are performed.
The optical axis of the virtual camera is always pointing to the centroid of
the loaded model. Depth images, obtained by reading the depth buffer from
OpenGL, are fused into a volumetric structure. The vertices of the triangu-
lar mesh, computed with marching cubes, are used for the comparison (fig.
6.3(b)). Figure 6.4 shows the resulting comparison as a point cloud with color
representing the error. Note that the greater errors are in the farther edges of
the desk. Table 6.1 summarizes this comparison.

Table 6.1: Summary of accuracy in geometric data (taken from CloudCompare
software [33]).

Quantity Value[cm]
Max. error 6.213
Min. error 0
Mean error 1.4482
Standard dev. 1.1938

6.4.2 Results using Shape Prior Data

The first two experiments quantify the effects in the dense reconstruction of
merging the shape prior to depth maps taken with the depth sensor and to
depth maps built with a monocular camera, respectively. The next two exper-
iments quantify the accuracy of the dense reconstruction got with a monocular
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(a) 3D Model of a desktop-like environment. Down-
loaded from TurboSquid [100].

(b) Point Cloud from the reconstruction.

Figure 6.3: Data used for quantifying the accuracy in geometry.

camera, without and with shape prior, respectively. The last two experiments
also quantify the accuracy but just for the reconstruction associated to the
object of interest, without and with shape prior, respectively. The integra-
tion of the synthetic depth map obtained from the shape prior was done in
sequential way (depth map building followed by shape prior integration), as
was described in section 5.3.

Effects of the shape prior using a depth sensor

In this experiment we quantify the difference in geometry between the dense
reconstruction got by fusing depth maps taken with the depth sensor and the
one got by fusing depth maps that integrate depth data from the shape prior
and from the depth sensor. We use 360 depth maps in each case and the cam-
era trajectory delivered by ORB-SLAM2. This system is used for tracking
since it is the most accurate one, as was registered in table 2.5. The assess-
ment in distance between these two meshes were computed using the software
CloudCompare [33]. The difference is unsigned (absolute value of the distance)
since it allows us to identify easily the regions were the algorithm produces
more changes in the reconstruction. We use two indicators for defining this
distance; the root mean square distance RMSD and the upper threshold for
95% of all distances D95%.
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Figure 6.4: Point Cloud (front and back views) with color representing the dis-
tances between the point cloud and the reference model (scale in centimeters).

Figures 6.5(a) and 6.5(b) show the dense reconstruction using depth maps
enhanced with shape priors and using only raw depth maps from the sensor
(Kinect 1.0), respectively. The color is computed as the average of RGB values
around the trajectory (see eq. 6.6). Figures 6.5(c) and 6.5(d) show the meshes
without color in order to identify more details in geometry of the reconstruc-
tions using and not using shape priors, respectively. Note that the first one is
smoother and tries to fill holes due to its inpainting property. Figures 6.5(e)
(close view) and 6.5(f) (far view) present the reconstruction using shape priors
and with color associated to the unsigned distance to the reconstruction built
without shape prior. Note that higher distances are in borders (due to the
smoothing effect), in the car (due to the shape prior) and in occluded regions
(due to inpainting effect). The RMSD is 0.0067m and D95% is 0.0135m. Figure
6.5(g) shows the histogram of distances. It shows that most of high distances
are in a narrow region close to zero.

Effects of the shape prior using a monocular camera

In this experiment we quantify the distance in geometry between the dense
reconstruction got by fusing depth maps built with a monocular camera and
the one got by fusing depth maps that integrate the depth data from the shape
prior and the built depth maps. Each depth map is built using one reference
image and 40 associated images. The reference images are separated by 60
frames. We use 7 built depth maps and the camera trajectory delivered by
ORB-SLAM2. We proceed in the same way as in the previous case: we use
CloudCompare [33], unsigned distance, the RMSD and D95% for quantifying
accuracy.

Figures 6.6(a) and 6.6(b) show the dense reconstruction using depth maps
enhanced with shape prior and using only built depth maps, respectively. The
color is computed as the average of RGB values around the trajectory. Figures

124



CHAPTER 6. DENSE RECONSTRUCTION WITH SHAPE PRIOR

6.6(c) and 6.6(d) show the meshes without color in order to identify more de-
tails in the geometry of the reconstructions using and not using shape priors,
respectively. Note that the first one is smoother and that the inpainting effect
is not so evident like in the previous case. Figures 6.6(e) (close view) and
6.6(f) (far view) present the reconstruction using shape prior and with color
associated to the unsigned distance to the reconstruction built without shape
prior. Note that the higher distances are in noisy regions (not in borders like
in the previous case) and in the car (due to the shape prior). The RMSD is
0.0047m and D95% is 0.0074m. Figure 6.6(g) shows the histogram of distances.
It shows that most of the distances are in a narrow region close to zero, even
narrower than for the depth sensor case.

Accuracy of the dense reconstruction using the monocular cam-
era and without shape prior

This experiment was done in order to quantify how close the dense recon-
struction got with the monocular camera (without shape prior data) is to the
one got with the depth camera (with shape prior data) that is used as refer-
ence. Figure 6.7(a) presents the reference reconstruction. It was computed by
fusing 360 depth maps from the depth sensor and enhanced with depth data
obtained from the shape prior. Figure 6.7(b) shows the dense reconstruction
got by fusion 7 depth maps built with the monocular camera and with the
trajectory delivered by ORB-SLAM2. No shape prior data is integrated into
these depth maps. In figs. 6.7(c) and 6.7(d) we can see the meshes without
color for the reference reconstruction and the compared one, respectively. In
these figures we can identify more details about the geometry. Finally, in
figs 6.7(e) (close view) and 6.7(f) (far view) the reconstructions got with the
monocular camera are presented, colored with the associated distances to the
reference reconstruction. Note that larger errors exist in low textured and
reflective regions, such as the walls, the border of the desk and the board.
Figure 6.7(g) shows the histogram for errors between these models. Note that
there is meaningful amount of pixels with errors between 0.10m and 0.35m.
The mean is 0.0401m, the RMSD is 0.0698m, and D95% is 0.1785m.

Accuracy of the dense reconstruction using the monocular cam-
era and with shape prior

Next, we carry out the same process, with the same reference reconstruction
(see figs. 6.8(a) and 6.8(c) for colored and uncolored reconstructions, respec-
tively) but compared with the dense reconstruction got with monocular camera
and enhanced with shape prior data (see figs. 6.8(b) and 6.8(d) for colored
and uncolored reconstructions, respectively). It is evident the improvement
got with the shape prior merged using a variational approach, specially for
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the smoothing effect. Figures 6.8(e) (close view) and 6.8(f) (far view) show
the reconstructions got with monocular camera and shape prior, colored with
data associated with the distances to the reference reconstruction. Note that
these are very similar to the ones presented in figs. 6.7(e) and 6.7(f). The his-
togram of errors (see fig. 6.8(g)) is also similar to the one got in the previous
experiment (see fig. 6.7(g)) since it is dominated by an offset in the direction
of the optical axis that makes the reduction in error due to the smoothing
effect small. Moreover, the changes due to the shape prior are done just for
the car. This fact can be seen in the following values. The mean is 0.0392m,
the RMSD is 0.0686m, and D95% is 0.1739m.

Accuracy of the reconstructed car using the monocular cam-
era and without shape prior

In this experiment we are going to quantify the accuracy in shape of the object
of interest (the car). The region associated to the car in the reconstruction
(see fig 6.9(a)), got with depth maps built with monocular camera and without
shape prior, is manually segmented (see fig 6.9(b)). The reference reconstruc-
tion, like in the two previous comparisons, is the one built with depth sensor
and shape prior data (see fig 6.9(c)). Since the segmented car and the ref-
erence reconstruction present a difference in pose, we align them as is shown
in fig. 6.9(d) and 6.9(e). Now, we can estimate the distances between the
segmented car and the reference reconstruction and apply color associated to
these distances to the segmented car (see fig. 6.9(f)). The histogram of errors
is shown in fig. 6.9(g). The mean error is 0.0064m, the RMSD is 0.0083m,
and D95% is 0.0167m.

Accuracy of the reconstructed car using the monocular cam-
era and with shape prior

Now, we repeat the comparison process done in the previous experiment, with
the same reference reconstruction, but in this case we segment the car from
the reconstruction got with monocular camera and shape prior data (see fig.
6.10(a)). The resulting segmented car is shown in fig. 6.10(b). Note that it
differs in pose with the reference model (see fig. 6.10(c)) so we align them (see
figs. 6.10(d) and 6.10(e)). The segmented car is colored using the distances to
the reference reconstruction, as is shown in fig. 6.10(f). Unlike the segmented
car in the previous experiment, this car is smooth and with smaller amount
of points with errors over 0.013m, as can be verified in the histogram of fig.
6.11 (blue line). The mean error is 0.0053m, the RMSD is 0.0067m, and D95%
is 0.0133m.
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(a) With shape prior, with color,
depth sensor case.

(b) Without shape prior, with color,
depth sensor case.

(c) With shape prior, without color,
depth sensor case.

(d) Without shape prior, without
color, depth sensor case.

(e) With shape prior, using color as-
sociated to the distances between the
two models (close view).

(f) With shape prior, using color as-
sociated to the distances between the
two models (far view).

(g) Histogram of distances, depth
sensor case.

Figure 6.5: Comparison between dense reconstructions got with a depth sensor
using and not using shape prior. (a) Colored reconstruction using shape prior,
(b) Colored reconstruction without shape prior, (c) Uncolored reconstruction
using shape prior, (d) Uncolored reconstruction without shape prior, (e) Col-
ored reconstruction using distances between models, (f) Colored reconstruction
using distances between models (far view) and (g) histogram of distances.
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(a) With shape prior, with color,
monocular case.

(b) Without shape prior, with color,
monocular case.

(c) With shape prior, without color,
monocular case.

(d) Without shape prior, without
color, monocular case.

(e) With shape prior using color as-
sociated to the distances between the
two models (close view).

(f) With shape prior using color as-
sociated to the distances between the
two models (far view).

(g) Histogram of distances, monocu-
lar case.

Figure 6.6: Comparison between dense reconstructions got with a monocular
camera, using and not using shape prior. (a) Colored reconstruction using
shape prior, (b) Colored reconstruction without shape prior, (c) Uncolored
reconstruction using shape prior, (d) Uncolored reconstruction without shape
prior, (e) Colored reconstruction using distances between models, (f) Colored
reconstruction using distances between models (far view) and (g) histogram of
distances.
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(a) With shape prior, with color,
depth sensor case.

(b) Without shape prior, with color,
monocular case.

(c) With shape prior, without color,
depth sensor case.

(d) Without shape prior, without
color, monocular case.

(e) Without shape prior using color
associated to the distances between
the two models (close view).

(f) Without shape prior using color
associated to the distances between
the two models (far view).

(g) Histogram of distances.

Figure 6.7: Comparison between the reference reconstruction (depth sensor
and shape prior) and the dense reconstruction got with the monocular camera
and without shape prior. (a) Colored reconstruction used as reference, (b) Col-
ored reconstruction got with monocular camera and without shape prior, (c)
Uncolored reconstruction (reference), (d) Uncolored reconstruction (monocular
and without shape prior), (e) Colored reconstruction using distances between
models, (f) Colored reconstruction using distances between models (far view)
and (g) histogram of distances.
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(a) With shape prior, with color,
depth sensor case.

(b) With shape prior, with color,
monocular case.

(c) With shape prior, without color,
depth sensor case.

(d) With shape prior, without color,
monocular case.

(e) With shape prior using color as-
sociated to the distances between the
two models (close view).

(f) With shape prior using color as-
sociated to the distances between the
two models (far view).

(g) Histogram of distances.

Figure 6.8: Comparison between the reference reconstruction (depth sensor
and shape prior) and the dense reconstruction got with the monocular camera
and with shape prior. (a) Colored reconstruction used as reference, (b) Colored
reconstruction got with monocular camera and with shape prior, (c) Uncolored
reconstruction (reference), (d) Uncolored reconstruction (monocular and with
shape prior), (e) Colored reconstruction using distances between models, (f)
Colored reconstruction using distances between models (far view), and (g)
histogram of distances.
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(a) Manual segmentation from the
reconstruction got with monocular
camera and no shape prior.

(b) Segmented car.

(c) Reference reconstruction (depth
sensor and shape prior) and seg-
mented car.

(d) Segmented car aligned to the ref-
erence reconstruction (view 1).

(e) Segmented car aligned to the ref-
erence reconstruction (view 2).

(f) Segmented car using color associ-
ated to the distances with the refer-
ence reconstruction.

(g) Histogram of distances.

Figure 6.9: Comparison between segmented car (from dense reconstruction got
with monocular camera and no shape prior) and reference reconstruction (with
depth sensor and shape prior). (a) Region segmented from the reconstruction
got with monocular camera and no shape prior, (b) Resulting segmented car,
(c) Reference reconstruction and segmented car, (d) Segmented car aligned to
the reference reconstruction, (e) Another view of aligned car, (f) segmented car
colored with data associated to the distances and (g) histogram of distances.
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(a) Manual segmentation from
the dense reconstruction got with
monocular camera and shape prior.

(b) Segmented car.

(c) Reference reconstruction (depth
sensor and shape prior) and seg-
mented car.

(d) Segmented car aligned to the ref-
erence reconstruction (view 1).

(e) Segmented car aligned to the ref-
erence reconstruction (view 2).

(f) Segmented car using color associ-
ated to the distances with the refer-
ence reconstruction.

Figure 6.10: Comparison between segmented car (from dense reconstruction
got with monocular camera and shape prior) and reference reconstruction (with
depth sensor and shape prior). (a) Region segmented from the reconstruction
got with monocular camera and shape prior, (b) Resulting segmented car,
(c) Reference reconstruction and segmented car, (d) Segmented car aligned
to the reference reconstruction, (e) Another view of segmented car aligned to
the reference car and (f) segmented car colored with data associated to the
distances to the reference reconstruction.
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Figure 6.11: Comparison between histograms of distances between the refer-
ence reconstruction and the aligned and segmented car 1. from reconstruction
with monocular camera and NO shape prior (red) and 2. from reconstruction
with monocular camera and shape prior (blue).
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6.5 Conclusions

In this chapter we have fused raw depth maps (obtained from a depth sensor
or built with a monocular camera) into a volumetric structure and represented
explicitly as a continuous mesh using marching cubes and an average-based
process for updating the color of the reconstruction. The results have been
satisfactory. First, the fusion and marching cubes algorithms, produce high
accuracy estimations in 3D reconstruction (the accuracy in camera tracking
was analysed in chapter 2). The accuracy of the models is high: the com-
parison done for the loaded model of 2m long shows that the mean error in
geometry is 1.4482cm. Second, averaging the RGB intensities through time
for updating the color of the reconstruction results in a realistic 3D model
with color coming from the scene.

We also have enhanced the raw depth maps with depth data obtained from
the shape prior, using a variational technique that besides merging both depth
sources, makes inpainting and denosing. These depth maps were fused and the
resulting dense reconstruction was compared with the one got without shape
prior data.

The algorithm for merging two depth sources produces an evident denoising
effect in the dense reconstruction when the depth sensor is used, specially in
the borders of the objects, and a merging effect in the area of the car due to
the shape prior data. When depth maps built with a monocular camera and
enhanced with shape prior data are fused, the reconstruction presents consid-
erable changes in the area of the car (merging effect) and a smoothing effect
in noisy regions (not in borders).

When the dense reconstruction got with a monocular camera is compared with
the reference reconstruction (depth sensor and shape prior) we can see regions
of low accuracy that correspond to regions in the intensity images where there
are low-textured and very reflective objects. If the shape prior is merged using
a variational technique, it adjusts the shape of the car, making it closer to the
real shape. The smoothing effect is evident but the improvement in accuracy
is not significant since there is an offset in pose between the reconstructions,
so a more local comparison is needed. The comparison of the reconstruction
only associated to the car and considering the offset in pose shows that the
improvement in accuracy of the shape of the object of interest (the car) using
shape prior is significant: the RMSD and the D95% diminish from 0.0083m
and 0.0167m to 0.0067m and 0.0133m, respectively.
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Conclusions

In this doctoral thesis we have tackled the problem of low accuracy in some re-
gions of depth maps built with a monocular camera, when it is moved by hand
around a room-sized scene. We found in chapter 3 that these regions corre-
spond to surfaces with low texture, low structure, very reflective or translucent,
where photo-consistency is not fulfilled and the minimization of the photomet-
ric error is dominated by noise. These problems can be faced to some extent
with a regularisation term in a variational framework, like is done in [62].
However, the accuracy in problematic regions remains low. We proposed to
use object shape priors for improving the accuracy of depth maps, especially in
the area of the object of interest. In chapter 4 we presented the methodology
for modelling the variation in shape of the object of interest, for computing
an initial estimation in pose and scale, and for refining this initial estimation
with respect to pose, scale and shape. We proposed to include the shape prior
as a synthetic depth map into the built depth map instead of modifying a
point cloud like in [46] or the volumetric structure like in [13]. In this sense,
we propose in chapter 5 a novel formulation of an objective function, based
on the fusion of color aerial images [49], that integrates the synthetic depth
map obtained from the shape prior (optimal model) and the built depth map.
Moreover, in that chapter we presented a variant in the objective function that
simultaneously builds a depth map and integrates the synthetic depth map es-
timated from the shape prior. The results showed a significant improvement
in the accuracy associated to the area of the object of interest together with
a denoising and inpainting effect in the whole image. These enhanced depth
maps were fused into a volumetric structure and an explicit representation
was computed with marching cubes. The comparison carried out in chapter
6 with a reference reconstruction (got with a depth camera and integrating
shape priors) shows that the reconstruction got with depth maps built with
a monocular camera and shape priors has a higher accuracy than the one ob-
tained without shape priors, specially in the 3D reconstruction associated to
the object of interest. Moreover, the denoising effect in the reconstruction for
the monocular camera is evident.

We believe that the integration of scene shape priors like in [69], [11], and
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object shape priors like in this work could produce depth maps built with a
monocular camera with high accuracy in the scene (walls, floor and ceiling)
and also in objects of interest (like cars in our work). This integration can
be done in a straight way by modifying the objective function in a variational
approach. Moreover, we could increase the number of objects of interest by
modelling their variation in shape, using 3D models available in internet. This
system would allow to segment objects and the structure of the scene (3D seg-
mentation), which could be an important step towards a more complex object
and scene understanding, useful in mobile robotics, wearable devices and aug-
mented reality.

These techniques for improving depth maps built with a monocular camera
can also be used for enhancing depth maps obtained from a depth sensor since
they have noise and missing data due to dark, translucent, very reflective ob-
jects, occlusions and objects out of range. This claim was proved in chapter
5, where depth maps captured with the kinect 1.0 were enhanced by including
information of the shape pior, besides of denoising and inpainting. Moreover,
we carried out experiments with a synthetic depth map with added noise and
missing data, showing that the resulting depth map has higher accuracy and
is smoother that the one obtained with an outstanding system for depth re-
covery [67].

Additionally, we presented in chapter 2 some contributions in two approaches
for localizing a camera (monocular and depth camera) using dense informa-
tion. The frame-to-frame approach for localizing a monocular camera uses
keyframes selected with a spatial criteria, an initial estimation in camera pose
based on 3D-2D visual odometry techniques and a refinement process based
on image alignment with a coarse-to-fine scheme. The experiments showed
that the algorithm has high accuracy even with blurred images. The other
approach, the model-to-frame one, localizes a depth camera using ICP with a
coarse-to-fine scheme for aligning two point clouds coming from the model and
from the observed depth map. In this work we presented a variant that uses
marching cubes and rasterization instead of raycasting like in [61]. Moreover
we presented a method for managing the color of the scene with an average-
based approach, similar to the one used for updating the TSDF values of the
volumetric structure that represents the scene.

Finally, we have to mention the efforts that we did in this work for implement-
ing most of the algorithms in commodity graphics hardware since one of the
initial requirements was the performance in real time or near it.

136



CHAPTER 7. CONCLUSIONS

7.1 Results, Contributions and Future Work

An algorithm for tracking a monocular camera using dense informa-
tion and a frame-to-frame approach. Given a depth map and an intensity
image for a reference frame (keyframe) and the current intensity image we can
estimate the relative transformation by aligning a synthetic intensity image
and the current image. The synthetic image is estimated by back projecting
the depth map (for computing a point cloud) and then, projecting it to the
image plane of the current image, considering the initial estimation in cam-
era pose got with a 3D-2D visual odometry technique. The algorithm defines
keyframes according to spacial constraints and uses the closest one to the cur-
rent image as reference frame. Since the objective function is linearised, a
coarse-to-fine scheme is employed with a pyramid of three levels, allowing the
system to copy with faster camera motions and to improve the convergence
with Levenberg-Marquardt. The algorithm was implemented in commodity
graphics hardware for speeding up its performance, achieving to process 10
fps. The experiments were done with synthetic data [36] for criss-cross motion
and with images with blur and noise, showing satisfactory performance. The
main contributions of this work are:

• The definition of spacial criteria for initializing new keyframes in order
to overcome the computational payload of dense techniques for camera
tracking.
• A two-steps process to localize the camera with respect to the closest

keyframe: 3D to 2D visual odometry followed by the image alignment.
It results in high accuracy estimations even when using blurred input
images.

For future work we propose to integrate a module for loop detection and
bundle adjustment over keyframes in order to be more robust to long and
complex trajectories. Moreover, we propose to build an initial depth map
with a monocular camera and use it for tracking the camera in the next steps
and simultaneously for building the depth maps of the next keyframes. For
this task we can integrate in straight way the frame-to-frame tracking and the
algorithm for building depth maps with a monocular camera.

An algorithm for building depth maps using a monocular camera.
Given the camera pose for a set of images that share common elements of the
scene, we gather photometric error from these poses. We use a variational
technique where this photometric error defines the data term. The regularisa-
tion term constraints the solution to be smooth but preserving discontinuities.
A third term, that decouples the non-convex data term and the convex regular-
isation term is used, with the primal-dual algorithm and exhaustive search for
solving the optimization problem. The implementation on GPU takes 1.0625s
for estimating the initial depth map and 3.6904s for refining the depth map,
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which is appropriate for monocular systems that work with keyframes. This
algorithm is based on DTAM [62] and its main contribution is

• Put in evidence the problem that we tackle in this doctoral thesis: al-
though the regularisation term improves the quality of the built depth
map, its accuracy is low in regions with low texture, in regions with
changes in light conditions or with low structure.

We found that an efficient solution is the use of object shape priors in a vari-
ational approach. In this sense, we proposed to integrate depth data from an
object shape prior using a variational technique as is explained next.

An algorithm for simultaneously tracking a depth camera and build-
ing a 3D model of the scene, using dense information and a model-
to-frame approach. Given depth maps at high frame rates we can inte-
grate them into a volumetric structure, estimate the relative transformation
by aligning a point cloud coming from the model and a point cloud coming
from the current depth measurement, and visualize the dense reconstruction
with color of the scene. The point cloud alignment is done with Iterative
closest point in a coarse-to-fine scheme, with a pyramid of four levels, since
the objective function is linearised. The implementation on commodity graph-
ics hardware runs at 10 fps with depth maps of 640x480 pixels, a volumetric
structure of 128x128x128 voxels and color management. The experiments were
done with synthetic data [36], with a public dataset of TUM [91] and with
our own depth maps from the kinect 1.0, achieving satisfactory performance
and accuracy in camera pose and geometry of the reconstruction. This work
is based on KinectFusion [61] and integrates a module for scene labeling that
is described in our paper [20]. The main contributions of this work are:

• A modular system for dense tracking and mapping with a model-to-
frame approach that couples an object detection module for labeling the
scene and that can easily be expanded by integrating new modules for
manipulating objects, for navigation of unmanned aerial vehicles or for
augmented reality.
• An algorithm for propagating to the model information of detected ob-

jects and for managing multiple instances of an object class, computing
its location, a 3D bounding box, and its probability.
• A color management algorithm, similar to the truncated signed distance

function (TSDF) management, that allows the system to store color in-
formation around the whole trajectory and get a model with full color
data.

For future work we propose, like with the algorithm for camera tracking with
frame-to-frame approach, to integrate a module for loop detection and bun-
dle adjustment over keyframes or graph optimization in order to be able to
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work in more complex environments. Moreover, we propose to integrate color
information in the tracking process as is done in [98]. We also propose to use
the model-to-frame approach with the monocular camera: instead of align the
current image with the synthetic image computed with the depth map of the
closest keyframe, align the current image with the synthetic image computed
with the updated reconstruction (by reading the depth buffer).

An algorithm for estimating an optimal 3D model, for integrating
depth data of the optimal model into the built depth map and for
fusing the enhanced depth maps. The optimal 3D model is estimated
by aligning a 3D level-set embedding function of a model hypothesis and the
point cloud associated to the object of interest. The level sets are computed
using a set of 3D models aligned with respect to a base model. Then, they are
compressed and a dimensionality reduction is done with GPLVM. We compute
an initial estimation of pose, scale and shape. The initial position is based on
the centroid of the point cloud associated to the object. The orientation is
computed considering that the object is over a supporting plane. The scale is
computed based on the average distance of each point to the centroid. The ini-
tial latent variable is the one associated to the base model. The refinement is
done with Levenberg-Marquardt, initially alternating between pose and scale
and after that, adding shape optimization (searching the latent variable in the
latent space). A synthetic depth map is computed by reading the depth buffer
from the current camera pose. The depth map obtained from the shape prior
and from the sensor are integrated using a variational approach that besides
merging both depth sources, makes denoising and inpainting. The energy
functional is defined by a data term that measures the discrepancy between
the depth sources and the sought solution, and the regularisation term that
smooths the solution. It is solved using the primal-dual algorithm. Finally,
the enhanced depth maps are fused and a 3D reconstruction with higher accu-
racy is obtained, especially in the region of the object of interest. The depth
merging with variational techniques was implemented on commodity graphics
hardware, taking 100 iterations 1.5694s. The main contributions of this work
are

• An alternating method for computing the optimal model. An initial
estimation in object pose and scale, based on the centroid, the supporting
plane and the average distance of the points to the centroid, is refined in
alternating way. Once the pose and scale are refined, the initial shape
is found with exhaustive search and posteriorly refined, alternating pose,
scale and shape.
• A novel formulation of an objective function with a variational approach

for merging sensor data and shape prior data, with and additional effect
of denoising and inpainting.
• A variant in the objective function for performing in one algorithm both

the module for dense mapping with monocular camera and the module
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for depth merging using a shape prior.
• The experiments carried out in order to quantify accuracy of the pose,

shape and scale optimization, the completeness of the inpainted depth
maps and the improvements in depth accuracy.

For future work we leave the implementation of the the algorithm for estimat-
ing the optimal model in commodity graphics hardware. Moreover we would
like to create latent spaces for a set of objects that are common in a particular
scene. Finally, for future work we propose to use object shape priors and scene
shape priors together.

7.2 Papers, academic events and short-term research
abroad

Draft papers.

• A. Díaz, L. Paz, P. Piniés and E. Caicedo. "Depth Map Denoising and
Inpainting using Object Shape Priors", 2018.
• A. Díaz, L. Paz, P. Piniés and E. Caicedo. "Depth Map Building and

Enhancement using a Monocular Camera, Shape Priors and variational
Methods", 2018.

Papers.

• A. Díaz, L. Paz, P. Piniés and E. Caicedo. "Dense Tracking, Mapping and
Scene Labeling using a Depth Camera", Revista Facultad de Ingeniería.
Universidad de Antioquia, No. 86, pp. 54-69, March 2018. [20].

Chapter of book.

• A. Díaz, L. Paz, P. Piniés and E. Caicedo. "Dense Tracking with Range
Cameras Using Key Frames", in Communication in Computer and Infor-
mation Science (CCIS). Robotics. Extended version of paper presented
in LARS 2015/SBR 2015, Uberlandia, Brasil. ISSN: 1865-0929, Springer
Publishing Company, 2016, pp. 20-38. [22].

International Event.

• A. Díaz, L. Paz, P. Piniés and E. Caicedo. "Dense Localization of a
Monocular Camera using Keyframes", in XII Latin American Robotics
Symposium (LARS) and III Brazilian Robotics Symposium (BRS), Uber-
landia, Brasil, 2015, pp. 13-18. [18].

National Event.
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• A. Díaz, J. Caicedo and E. Caicedo. "Augmented reality without fiducial
markers", in 20th Symposium of Signal Processing, Images and Computer
Vision (STSIVA), Bogotá, Colombia, 2015, pp. 1-7. [19].

Visiting Researcher.

• Visiting researcher during five months in the mobile robotics group MRG
of Oxford University. Oxford. May 2016 - October 2016.

Others.

• A tutorship given to an undergraduate student in his final project: "De-
sarrollo de un Sistema para Digitalización de Ejemplares de Artesanías
(Implementation of a system for digitalizing handicrafts)". The scanner
for digitalizing the handicrafts with a Kinect 1.0 together with the algo-
rithm for dense tracking and mapping with a depth sensor moved by hand
are products that will be used by craftsmen of Nariño. It is an effort for
incorporating new technology in our region, as part of the requirements
of the Fundación CEIBA, which sponsored this doctoral thesis.
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