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ABSTRACT 
Alignment of virtual elements to the real world scenes (known as detection and tracking) 

relying on features that are naturally present on the scene is one of the most important 

challenges in Augmented Reality. When it goes to complex scenes like industrial scenarios, 

the problem gets bigger with the lack of features and models, high specularity and others. 

Based on these problems, this PhD thesis addresses the question “How to improve object 

detection and pose estimation from natural features for AR when dealing with complex 

scenes problems?”. In order to answer this question, we need to ask ourselves “What are 

the challenges that we face when developing a new tracker for real world scenarios?”. 

We begin to answer these questions by developing a complete tracking system that 

tackles some characteristics typically found in industrial scenarios. This system was validated 

in a tracking competition organized by the most important AR conference in the world, 

called ISMAR. During the contest, two complementary problems to tracking were also 

discussed: calibration, procedure which puts the virtual information in the same coordinate 

system of the real world, and 3D reconstruction, which is responsible for creating 3D 

models of the scene to be used for tracking. 

Because many trackers need a pre-acquired model of the target objects, the quality of the 

generated geometric model of the objects influences the tracker, as observed on the 

tracking contest. Sometimes these models are available but in other cases their acquisition 

represents a great effort (manually) or cost (laser scanning). Because of this we decided to 

analyze how difficult it is today to automatically recover 3D geometry from complex 3D 

scenes by using only video. In our case, we considered an electrical substation as a complex 

3D scene. 

Based on the acquired knowledge from previous experiments, we decided to first tackle 

the problem of improving the tracking for scenes where we can use recent RGB-D sensors 

during model generation and tracking. We developed a technique called DARP, Depth 

Assisted Rectification of Patches, which can improve matching by using rectified features 

based on patches normals. We analyzed this new technique under different synthetic and 

real scenes and improved the results over traditional texture based trackers like ORB, 

DAFT or SIFT. 



 

 

Since model generation is a difficult problem in complex scenes, our second proposed 

tracking approach does not depend on these geometric models and aims to track texture or 

textureless objects. We applied a supervised learning technique, called Gradient Boosting 

Trees (GBTs) to solve the tracking as a linear regression problem. We developed this 

technique by using image gradients and analyzing their relationship with tracking parameters. 

We also proposed an improvement over GBTs by using traditional tracking approaches 

together with them, like intensity or edge based features which turned their piecewise 

constant function to a more robust piecewise linear function. With the new approach, it 

was possible to track textureless objects like a black and white map for example. 

Keywords: Augmented Reality. Computer Vision. Industry Application. Depth Assisted 

Rectification. Learning Based Tracking. 

  



 

 

RESUMO 
O alinhamento de elementos virtuais com a cena real (definido como detecção e 

rastreamento) através de características naturalmente presentes em cena é um dos grandes 

desafios da Realidade Aumentada. Quando se trata de cenas complexas, como cenários 

industriais, o problema se torna maior com objetos pouco texturizados, alta especularidade 

e outros. Com base nesses problemas, esta tese de doutorado aborda a questão "Como 

melhorar a detecção de objetos e a estimativa da sua pose através de características 

naturais da cena para RA ao lidar com problemas de cenários complexos?". Para responder 

a essa pergunta, precisamos também nos perguntar: "Quais são os desafios que enfrentamos 

ao desenvolver um novo rastreador para cenários reais?".  

Nesta tese, começamos a responder estas questões através da criação de um sistema de 

rastreamento completo que lida com algumas características tipicamente encontradas em 

cenários industriais. Este sistema foi validado em uma competição de rastreamento realizada 

na principal conferência de RA no mundo, chamada ISMAR. Durante a competição também 

foram discutidos dois problemas complementares ao rastreamento: a calibração, 

procedimento que coloca a informação virtual no mesmo sistema de coordenadas do 

mundo real, e a reconstrução 3D, responsável por criar modelos 3D da cena.  

Muitos rastreadores necessitam de modelos pré-adquiridos dos objetos presentes na 

cena e sua qualidade influencia o rastreador, como observado na competição de 

rastreamento. Às vezes, esses modelos estão disponíveis, mas em outros casos a sua 

aquisição representa um grande esforço (manual) ou custo (por varredura a laser). Devido a 

isto, decidimos analisar a dificuldade de reconstruir automaticamente a geometria de cenas 

3D complexas usando apenas vídeo. No nosso caso, considerou-se uma subestação elétrica 

como exemplo de uma cena 3D complexa.  

Com base no conhecimento adquirido a partir das experiências anteriores, decidimos 

primeiro resolver o problema de melhorar o rastreamento para as cenas em que podemos 

utilizar sensores RGB-D durante a reconstrução e o rastreamento. Foi desenvolvida a 

técnica chamada DARP, sigla do inglês para Retificação de Patches Assistida por Informação 

de Profundidade, para melhorar o casamento de características usando patches retificados a 



 

 

partir das normais. A técnica foi analisada em cenários sintéticos e reais e melhorou 

resultados de rastreadores baseados em textura como ORB, DAFT ou SIFT.   

Já que a reconstrução do modelo 3D é um problema difícil em cenas complexas, a 

segunda abordagem de rastreamento não depende desses modelos geométricos e pretende 

rastrear objetos texturizados ou não. Nós aplicamos uma técnica de aprendizagem 

supervisionada, chamada Gradient Boosting Trees (GBTs) para tratar o rastreamento como 

um problema de regressão linear. A técnica foi desenvolvida utilizando gradientes da imagem 

e a análise de sua relação com os parâmetros de rastreamento. Foi também proposta uma 

melhoria em relação às GBTs através do uso de abordagens tradicionais de rastreamento 

em conjunto com a regressão linear, como rastreamento baseado em intensidade ou em 

arestas, propondo uma nova função de predição por partes lineares mais robusta que a 

função de predição por partes constantes. A nova abordagem permitiu o rastreamento de 

objetos não-texturizados como por exemplo um mapa em preto e branco. 

Palavras-chave: Realidade Aumentada. Visão Computacional. Aplicações Industriais. 

Retificação Assistida por Profundidade. Rastreamento Baseado em Aprendizagem. 
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1. INTRODUCTION
Augmented Reality (AR) has received a lot of attention in latest years, being considered 

one of the potential technologies to change the way people interact with the real world. 

Using concepts from different knowledge areas such as Computer Graphics, Image 

Processing and Computer Vision, AR techniques add registered virtual content (computer 

generated) to real scenes in real-time, as a way to expand user experiences and 

possibilities(FENG ZHOU; DUH; BILLINGHURST, 2008).  

With applications in many fields, such as Manufacturing, Games, Medicine, Science, 

Defense and Education, just to cite a few, AR has received attention from both, the academy 

and the industry sector. Applications with this technology are already on the market and 

there is plenty of space to develop innovative and impacting solutions. An example of an AR 

application (SIMOES et al., 2013) can be seen in Figure 1. 

Figure 1 Augmented reality car engine maintenance application. In a it is possible to see the feature points (white) used to 

register the virtual element with the scene. In b we can see a virtual arrow (red) indicating a specific element of the car. 

 
Author: (LIMA, 2014). 

In order to correctly superimpose these virtual contents to the real scene, it is necessary 

to have a tracking phase that can be marker-based, by adding a synthetic element to the 

scene to ease the tracking (KATO; BILLINGHURST, 1999) or markerless, by using 

characteristics already present on the scene (LIMA et al., 2009). The decision about using 

one or another relies on the application, being markerless based techniques preferred when 
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dealing with environments that are difficult to modify like industry plants (FITE-GEORGEL, 

2011). 

Since marker-based techniques are commonly simpler, their development is more 

stablished than markerless techniques. Apart from great advances in recent years, 

markerless 3D tracking still presents a great challenge for researchers and companies 

worldwide (FENG ZHOU; DUH; BILLINGHURST, 2008). 

1.1. PROBLEM DEF IN IT ION 

During the development of robust markerless 3D tracking techniques there are a lot of 

problems to be addressed. This thesis is focused on answering the following question: “How 

to improve object detection and pose estimation from natural features for AR when dealing 

with complex scenes problems?”. 

1.2. RESEARCH GOALS 

The major goal of this thesis is to develop new tracking techniques to support AR 

applications. Under this point of view it is possible to split this goal into a set of research 

objectives: 

• Understand challenges when proposing tracking techniques for real world complex 

scenarios like industrial ones, by fully implementing a complete tracker system and 

validating it on the most prominent AR conference (ISMAR), 

• Analyze different aspects related to tracking that can help both the development of a 

new tracking technique as well as the development of a complete tracking system, 

• Develop new tracking techniques handling known problems in AR complex scenarios 

(e.g. difficult integration between tracker, model and calibration, lack of model, lack of 

features, preprocessing complexity, usage of new sensors like RGB-D and learning 

techniques to improve results), 
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• Perform a qualitative and a quantitative analysis of the developed techniques and a 

detailed discussion about related works that can help understand the difficulties to work 

in this challenging area where new approaches are constantly proposed. 

1.3. THES IS OUTL INE 

This PhD thesis was written under a chronological point of view, with chapters referring 

to intermediate results relative to different phases of this work. By doing this, we hope to 

show future students a possible way to evolve their research in this young and innovative 

area which is AR, where drawbacks and direction changes can happen all the time. Related 

works and state of the art are described in each chapter to directly relate them to the 

research phase conducted. A diagram under a chronological perspective can be seen in 

Figure 2. 

First of all, we discuss the basic concepts used on this thesis. Sensors, camera 

representation using pinhole model, pose estimation algorithms and statistical tools used 

throughout this thesis are explained and defined (Chapter 2). 

During the development of this work, a complete pipeline of AR using traditional 

markerless approaches (reconstruction, calibration and tracking) was proposed and 

validated to identify improvement points and research directions according to the tracking 

point of view (Chapter 3).  

After a first analysis of this pipeline we decided to investigate the problems associated 

with automatically generating 3D models solely using images, due to its importance and cost 

for model-based tracking techniques (Chapter 4).  

From the observed difficulties we continued the research to collaborate with the 

proposition of a 3D tracking technique that uses a 3D model generated from RGB-D images 

and investigate how to take advantage from this new sensor during the tracking phase 

(Chapter 5). 
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Figure 2: Thesis outline under a chronological point of view.  

 
Author: Francisco Simões.  

In the next step we decided to propose another 3D tracking technique to deal with a set 

of problems identified on the previous chapters. The approach relies on training by using 

Gradient Boosting Trees, does not need a pre-acquired geometric model in order to track, 

just uses images and we intend to deal with texture and textureless elements in a fast and 

precise way (Chapter 6). 

Finally, we discuss the contributions of this work so far and point towards directions that 

can be followed to improve it (Chapter 7). �  
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2. BASIC CONCEPTS 
Tracking techniques are deeply based on mathematical and statistical tools to recover 

camera information. Focusing on the information to be recovered, this chapter is divided in 

three parts: Section 2.1 discusses different sensors that can be used to develop tracking 

techniques, Section 2.2 discusses the virtual camera representation used in this thesis and 

Section 2.3 details pose computation techniques. 

2.1. SENSORS 

The AR concept can be applied to all 5 traditional senses of humans (sight, hearing, taste, 

smell and touch), being sight the most prominent sense and the first one to be addressed by 

the AR community. During this thesis we are going to address the problem of AR for vision 

based applications (AZUMA, 1997).  

Vision based applications use a camera sensor as a source of information. These systems 

can be either monocular (rely on one camera) or multi-camera (rely on more than one). 

Both systems have their advantages and drawbacks, being the monocular one cheaper but 

mostly computationally complex and the stereo one more expensive and precise. In this 

thesis we focus on monocular systems since they are the most common ones and provide 

for most applications enough information for tracking.  

Even being the most important sensor for AR techniques, cameras are not absolute in 

their role. In recent years with the advent and popularization of mobile phones (WAGNER, 

2007) and low cost depth sensors (SMISEK; JANCOSEK; PAJDLA, 2011), they presented to 

be a great source of information to help tracking systems. 

Mobile phones have opened a new perspective to AR systems (WAGNER; 

SCHMALSTIEG, 2009). Being widely available all over the world, it can be considered a 

great platform to ease adoption of new technologies and fields. It also adds new possibilities 
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for AR by its lightweight structure and its built-in inertial sensors, being easy to manipulate 

and prone to more robust tracking technologies (ARTH; MULLONI; SCHMALSTIEG, 2012). 

Figure 3: In a we can see the infrared pattern projected along the scene to allow the sensor to compute the depth by 

analysing its distortion. In b and c there are two of the most common RGB-D sensors on the market (Asus Xtion-Pro and 

Microsoft Kinect, from top to bottom). 

 
Author: Francisco Simões.  

Using depth sensors allows having in real-time the depth value of each pixel. This type of 

system is usually called RGB-D sensor as it also gives also the depth image (D channel) 

together with the RGB color image captured from the scene. These devices are mostly used 

for human body tracking but can also be used to track or recover the 3D structure of many 

kinds of objects and scenes (NEWCOMBE et al., 2011). Two of the most common depth 

sensors available on the market (Asus Xtion-Pro and Microsoft Kinect v2) are shown in 

Figure 3, together with their working principle. 

2.2. CAMERA REPRESENTAT ION 

Camera tracking, which is a fundamental aspect in the tracking and registration phases of 

an AR pipeline, comes from recovering information that correctly describes a virtual camera 
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used to position virtual objects in the real scene and to render these objects in the image. 

There are many models for projecting 3D objects onto 2D images, varying from simple 

pinhole (perspective) camera models to complex lenses models that simulate human eyes. 

This thesis considers the pinhole camera model without distortion factors (lenses), which is 

a well-known and simple model that correctly approximates a virtual camera in terms of 

geometry (FORSYTH; PONCE, 2002). 

In all camera models, virtual objects are defined in a general coordinate system, also 

called world coordinate system (W�, W�, W�), in a way to have a generic description that 

does not depend on the camera system used (C�, C�, C�). The camera coordinate system 

corresponds to the world coordinate system after applying a rotation and translation 

transform and, because of that, it is necessary to get object coordinates from the world 

coordinate system to the camera coordinate system before projecting it onto the image 

plane (see Figure 4). This affine transform is described by the composition of the rotation R
�
  and translation t
�  matrices, resulting in a [R|t ]
�� matrix. When applied to the 

homogeneous coordinates of the 3D point, the composed matrix leads to the same 3D 

point in the camera coordinate system. This matrix is called extrinsic parameters matrix 

because of its relation with the virtual camera model movement. 
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Figure 4. The 3D object, its projection onto the image plane and the relation between world (W�, W�, W�) and camera (C�, C�, C�) coordinate systems. 

 
Author: (LIMA et al., 2010). 

It is also important to observe that, for other purposes like pose estimation, there are 

many ways to represent the rotation transform. One of them is the axes-angle 

representation, which corresponds to a vector representing a fixed rotation axis (W� W� W�), and its norm referring to a rotation angle �. This representation has an 

one-to-one correspondence to the �
�
 form by using the Rodrigues and inverse Rodrigues 

formula (BROCKETT, 1984). 

In the pinhole camera model, a point in the image plane [�, �, �]� is obtained by 

projecting the 3D point M = [�, �, �]�, written in the camera coordinate system, onto the 

image plane by obeying to perspective projection conditions, as can be seen in Figure 5. By 

the properties of similarity of triangles we have: 

� � �� �  �! (1) 

� � �� �  �! (2) 

However, observe that the image plane is divided into pixels units that correspond in the 

real world to well defined areas with dimensions written in millimeters that are, by default, 
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called pixel width ("#) and pixel height ("$)1. Considering that, � and � dimensions are not 

written in millimeters but in pixels, and by this the equations (1) and (2) must be rewritten 

as: 

� � �� �"#  �! (3) 

� � �� �"$  �! (4) 

Figure 5. Perspective transform from 3D points to image plane points. 

 
Author: (LIMA et al., 2010). 

By looking at the problem of projecting the 3D point again, a first version of the % 

transformation matrix comes up, that takes a 3D point in camera coordinates and returns 

its 2D image representation in homogeneous coordinates: 

&��1( �
)**
**+
� "#, 0 �!

0 � "$, �!0 0 1 .//
//0 1� �,� �,1 2 (5) 

                                            

 

1 In most of real camera specifications, "# and "$ parameters are not given but its relationship, known as aspect ratio (34), 
where 34 � "# "$, . 
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If the pixels of the camera are not squared, it is added in the equation a new parameter, 

also called skew factor2, that correlates the � angle between � and � dimensions with its 3D 

point, turning the affine transformation (5) into: 

&��1( �
)**
**+
� "#, −678(� ) "#, �!

0 � ∗ 67:;6(�) "$, �!0 0 1 .//
//0

<=========>=========?@

1� �,� �,1 2 (6) 

The final A matrix presented in equation (6) is called intrinsic parameters or calibration 

matrix because of its dependence on the real camera used to display the scene. By 

combining the intrinsic and extrinsic parameters matrices we have the camera projection 

matrix B that is responsible to get 3D points from the world coordinate system and project 

them onto the camera image plane3: 

&:�:�: ( � [%]CD ∗ E� �F �
 G�F �FF �F
 GF�
 �
F �

 G
H<======>======?I|�<========>========?JK@[I|�]
∗ LMNO1P 

(7) 

2.3. POSE EST IMAT ION TECHNIQUES 

In order to estimate camera extrinsic parameters for a given frame, some 

correspondences between 2D points from the image and 3D points from the model are 

needed. In the following subsections, two classes of methods for pose estimation are 

described: Pespective-Q-Point ( BQB) and minimization of reprojection error. 

                                            

 

2 Since � is generally near to 90o, the skew factor :R is generally only referenced as −678(� ) and the influence of the 67:;6(�)term is is discarded. 
3 To produce the final  transform from 3D to 2D points, it is also necessary to normalize the answer in terms of scale 
factor :: [:�, :�, :]� to [�, �, 1]�. 
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2.3.1. PERSPECTIVE-N-POINT BQB techniques are commonly applied in the problem of estimating the camera pose [�|8] 
from Q 2D-3D correspondences. A first approach to solve this problem is to apply the 

equation BST � :UT for each correspondence V and solve the linear system. This traditional 

method is called Direct Linear Transformation (DLT) (FAUGERAS, 1993) and can estimate 

all camera parameters, even with unknown intrinsic parameters. However, in most cases 

when using DLT to compute B, we need to have at least 15 correspondences, which is 

more than the necessary when applying other methods and for some techniques is not an 

acceptable number. Furthermore, the DLT method minimizes an algebraic error, but for the 

pose estimation problem sometimes it is preferable to minimize a geometric error. 

In many AR applications the intrinsic parameters do not change during the frame 

sequence since the same camera configuration is used the whole time. So it is preferable to 

obtain them separately, reducing in a considerable way the number of correspondences 

needed to estimate the current pose and probably also the estimation error. Encouraged by 

this context, the BQB problem explicitly uses the intrinsic parameters, which must be 

previously obtained, and estimates only the extrinsic parameters. 

This way, when trying to solve the B3B problem, four solutions are reached. This means 

that it is not possible to find out a unique solution having only 3 correspondences. An 

approach to find the correct pose is adding a correspondence and solving the B3B problem 

for each subset of 3 correspondences; then, a common pose will emerge from the results. 

Solving B4B and B5B problems usually reaches a unique solution, unless the 

correspondences are aligned. For Q ≥ 6 the solution is almost always unique. 

Several solutions have been proposed for the BQB problem in the Computer Vision and 

AR communities. In general they attempt to represent the Q 3D points in camera 

coordinates trying to find their depths (which is the distance between the camera optical 

center \ and the point ST). In most cases this is done using the constraints given by the 

triangles formed from the 3D points and \. Then [�|8] is retrieved by the Euclidean motion 
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(that is an affine transformation whose linear part is an orthogonal transformation) that 

aligns the coordinates. Lu et al. (LU; HAGER; MJOLSNESS, 2000) proposed an iterative, 

accurate and fast solution that minimizes an error based on collinearity in the object space. 

Later, ]BQB (MORENO-NOGUER; LEPETIT; FUA, 2007) solution showed a ^(Q) method 

for BQB if Q ≥ 4. It represents all points as a weighted sum of four virtual control points. 

Then the problem is reduced to estimate these control points in the camera coordinate 

system. 

2.3.2. M INIMIZATION OF REPROJECTION ERROR 
Despite of being able to estimate the pose based solely on the 2D-3D correspondences, BQB methods are sensitive to noise in the measurements, resulting in loss of accuracy. In 

this scenario, a more adequate approach for calculating the pose is by minimization of the 

reprojection error. This consists in a non-linear least squares minimization defined by the 

following equation: 

[�|8] � 3_`UVQ[�|8] a bV:8F(�(B, ST), UT)c
TK!  (8) 

where: ST and UT are correspondent 3D and 2D points in homogeneous coordinates, 

respectively; � is the projection function, which takes as arguments the projection matrix B 

and the 3D point ST and returns the 2D projected point; bV:8 is the Euclidean distance 

function between 2D points, which is called residual; and [�|8] are the extrinsic parameters 

to be estimated. 

Due to the fact that the function � is non-linear, there is not a closed form solution to 

equation (8). In this case, an optimization method should be used, such as Gauss-Newton or 

Levenberg-Marquardt (TRIGGS et al., 2000). These methods iteratively refine an estimate of 

the pose until an optimal result is obtained. The pose increment between consecutive 

iterations is calculated using the Jacobian matrix of �. This matrix can be calculated 

analytically or using differentiation.  
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A requirement for such kind of iterative method is a good initial estimate. Since the 

difference between consecutive poses is often small, the pose calculated for the previous 

frame can be used as an estimate for the current frame. If this pose is not available, the 

output of DLT or a PQP method can be used as an initial estimate. In fact, minimization of 

reprojection error can be used as a refinement step for most pose estimation methods. 

2.3.2.1. M-estimators 

This method is often used together with minimization of reprojection error in order to 

decrease the influence of outliers. M-estimators apply a function to the residuals that has a 

Gaussian behavior for small values and a linear or flat behavior for higher values. This way, 

only the residuals that are lower than a 6 threshold have an impact on the minimization. A 

modified version of equation (8) is then used: 

[�|8] � 3_`UVQ[�|8] a d(bV:8(�(B, ST), UT))c
TK!  (9) 

where d is the M-estimator function. Two of the most used M-estimators are Huber and 

Tukey (LEPETIT; FUA, 2005). The Huber M-estimator is defined by: 

defg(M) � h �iF , |M| ≤ 66 k|M| − lFm , |M| > 6, (10) 

where 6 is a threshold that depends on the standard deviation of the estimation error. 

The Tukey M-estimator can be computed using the following function: 

d�f@(M) �
opq
pr6F6 &1 − s1 − kM6mFt
( , |M| ≤ 66F6 , |M| > 6 (11) 

The charts of the Huber and Tukey M-estimator functions, which can be seen in Figure 

6Erro! Fonte de referência não encontrada., highlight how the residuals are weighted 

according to their magnitude. 
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Figure 6. Huber M-estimator function with c=1 (left) and Tukey M-estimator with c=4 (right). 

 

Author: (LIMA et al., 2010). 

2.3.2.2. RANSAC 

The Random Sample Consensus (RANSAC) method (BOLLES; FISCHLER, 1981) is an 

iterative algorithm that tries to obtain the best estimate of a function using a sequence of 

small random samples of data. The idea is that the probability of having an outlier in a small 

sample is much lower than when the entire set is considered. 

In pose estimation problems, the RANSAC method can be used to optimize the pose by 

using random samples from the 2D-3D correspondences set. It iteratively and randomly 

selects these samples, applies the chosen estimation method and tests the estimated pose 

against the correspondences that were not used in the estimation. Using the estimated 

parameters it computes how many have an error below a threshold (inliers) and how many 

are above the threshold (outliers). Based on the inlier/outlier ratio it keeps the estimated 

pose as the final one or keeps looking for a better estimation. �  



27 

 

 

 

3. 3D TRACKING SYSTEMS 
DEVELOPMENT

In industrial scenarios, tracking techniques can have several applications. They can be 

used to help an operator to execute a maintenance task (ALVAREZ; AGUINAGA; BORRO, 

2011) or to allow a machine to analyze a product (ULRICH; WIEDEMANN; STEGER, 2009). 

Unfortunately, industrial scenarios are often difficult to track since they may have poorly 

textured objects with lots of smooth surfaces. Strong light variation is also a difficulty, as 

well as the size of equipment that may be very small, among others. 

When developing a tracking system for industrial scenarios, a model-based approach is 

usually chosen because of its precision (LEPETIT; FUA, 2005). However, if a model-based 

tracker is employed, it is essential to associate it to an automatic reconstruction process 

that will generate the 3D information to be tracked. Besides that, a correct calibration 

between the generated model and the real world may be necessary to relate the world 

coordinate system with the reconstructed and tracked coordinate system. 

In order to achieve a solution capable of dealing with some major difficulties in the 

industrial scenario, this chapter explains the integration of a 3D model-based tracker with a 

reconstruction from images technique and a calibration routine (SIMOES et al., 2013), 

developed during this thesis. This tracking system was validated at the ISMAR 2012 Tracking 

Competition, which aims to challenge state of the art trackers through a simulation close to 

a real world scenario. In the particular edition where our tracking system was used, the 

contest simulated a manufacturing situation, which is part of many industrial environments. 

From the analysis of the contest it is possible to share and discuss the experiences and 

challenges found during the development of a tracker for an industrial scenario. Therefore, 

this chapter provides a starting point for anyone interested in engaging into these problems 
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from a practical point of view, motivating the tracking techniques proposed and discussed in 

later chapters of this thesis. 

This chapter is organized as follows. In Section 3.1 recent advances in 3D tracking, 

reconstruction and calibration techniques are discussed; the development of an integrated 

solution for generating 3D models, calibrating coordinate systems and tracking is explained 

in Section 3.2; Section 3.3 details the case study performed at the ISMAR Tracking 

Competition; the result of the integrated solution at the competition is analyzed in Section 

3.4; the lessons learned about how to build a tracking system for an industrial scenario are 

discussed in Section 3.5; finally, in Section 3.6, major conclusions are drawn. 

3.1. MARKERLESS SYSTEMS APPROACHES 

There are several ways to track objects. This task can be accomplished using only RGB 

cameras or adding other equipment such as depth sensors (LEE; HO, 2011), magnetometers 

(REITMAYR; DRUMMOND, 2006) and inertial sensors (KURZ; BENHIMANE, 2011), to 

name only a few. The 3D tracking system presented in this chapter is a monocular one, and 

therefore major state of the art techniques are discussed in sequence for tracking, 

reconstruction and calibration based on video, focusing their application to industrial 

scenarios. 

3.1.1. TRACKING 
Monocular tracking can be classified in two categories: recursive tracking, where a 

previous pose estimate is required for computing the current pose of the object; and 

tracking by detection, where the object pose is calculated without any previous estimate. 

While recursive tracking is often faster and/or more accurate/robust, tracking by detection 

allows automatic initialization and easy recovery from failures. Existing techniques for 

markerless tracking and detection can also be classified as model-based or model-less. 

Model-based methods make use of a previously obtained model of the target object 

(LEPETIT; FUA, 2005). Model-less techniques are also known as Simultaneous Localization 
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and Mapping (SLAM) methods (DAVISON et al., 2007), since they estimate both the camera 

pose and the 3D geometry of the scene in real time. 

Model-based techniques can be classified regarding the type of natural feature used (LIMA 

et al., 2009). The recursive tracking methods can be divided in the following categories: edge 

based, where control points sampled along a 3D edge model of the object are matched with 

strong gradients in the query image (WUEST; VIAL; STRIEKER, 2005); template based, 

which aim to estimate the parameters of a function that warps a template in a way that it is 

correctly aligned to the query image (DAME; MARCHAND, 2010); and local invariant 

feature based, where local features that are invariant to distortions such as rotation and 

illumination changes (e.g. Harris corners (HARRIS; STEPHENS, 1988), Good Features to 

Track (SHI; TOMASI, 1994) extracted from both model and query images are matched 

(LEPETIT et al., 2003; PLATONOV et al., 2007). Model-based tracking by detection 

methods can be classified in the following categories: edge based, which make use of specific 

edge representations for detecting and estimating the pose of target textureless objects 

(ALVAREZ; AGUINAGA; BORRO, 2011; HINTERSTOISSER et al., 2010); and local invariant 

feature based, which rely on matching local invariant features extracted from model and 

query images, even if they were obtained from significantly different viewpoints (BLESER; 

PASTARMOV; STRICKER, 2005; LOWE, 2004). 

3.1.2. RECONSTRUCTION 
Since the model-based methods are a common approach for markerless tracking, the 

acquisition of the 3D model of the target object is an important step. Sometimes the target 

object is very simple to be modeled manually, such as a plane or a box. However, most of 

the time in the industrial scenario the target objects will not be that simple. Manually 

modeling these complex cases is a difficult task and could take too much time, so it may be 

necessary to have an automatic 3D reconstruction of the target object. 

There are several ways of making an automatic 3D reconstruction. One of the most efficient 

and precise approaches is using laser scanners . With this equipment it is possible to 
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generate a dense 3D model of an object with millimetric precision. The downside is that 

these lasers are expensive and sometimes they can be hard to use in difficult to access 

places because of their size and weight. 

Figure 7.  On the top row there are different views from a 3D model generated using a structured light approach; on the 

bottom row, a building reconstructed using the SfM technique. 

 
Author: Francisco Simões. 

Another automatic 3D reconstruction method is based on structured lights (LANMAN; 

CRISPELL; TAUBIN, 2009). This technique consists in projecting along the scene light 

patterns that are previously known. Then, a camera captures the projection of these light 

patterns. The 3D model is calculated based on the distortion of this projection. Since this 

technique requires only a simple camera and a common projector, it is quite inexpensive, 

especially when compared with the laser approach. However, structured lights based 

reconstructions are much more imprecise and impossible to be used in a bright 

environment, such as an outdoor area during day. Figure 7shows the result obtained by this 

type of reconstruction. 

The image based 3D reconstruction method is one of the most common approaches to 

generate 3D models automatically. There are also different techniques to make this kind of 

3D reconstruction work, such as SfM (Structure from Motion) (POLLEFEYS; GOOL, 2002) 

and SLAM (DAVISON et al., 2007). What these techniques have in common is that they 
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take 2D images of the scene and use them to generate the 3D model as shown in Figure 7. 

Usually that process can be done by employing a feature detector that could be the same as 

the one used during the tracking. Nowadays there are several image based reconstruction 

techniques that achieve good precision (AGARWAL et al., 2009). Even though it is also a 

cheap approach since it only needs a simple camera to take pictures or make a video of the 

scene, this method is often very hard to reproduce because of its complexity. 

3.1.3. CALIBRATION 
In AR applications, it is sometimes mandatory to have a calibration between the 3D 

reconstructed model and the real world coordinate system. For example, in an industrial 

scenario the equipment are modeled based on their own coordinate system and could be 

used to augment the scene (ALVAREZ; AGUINAGA; BORRO, 2011). Based on projective 

geometry properties, even with calibrated cameras in which the intrinsic parameters are 

known, it is not possible for a technique based only on images to directly achieve a metric 

reconstruction without some input from the user. The automatic 3D reconstruction from 

images is an up-to-scale process and just returns a similarity reconstruction of the object 

(HARTLEY; ZISSERMAN, 2004). Only techniques based on depth sensors are able to 

achieve a metric reconstruction directly since they acquire from the depth sensor a real 

depth during the capture process (NEWCOMBE et al., 2011). 

For a 3D reconstruction based on images there are several ways to achieve a metric 

reconstruction. If the user knows some 3D points from the scene and is able to correctly 

relate them to the similarity reconstructed points, it is possible to find a calibration matrix 

that can take all the up-to-scale points to the metric reconstruction system (HARTLEY; 

ZISSERMAN, 2004). When the user has a previous 3D reconstruction of some object or 

part of the scene it is possible to match these 3D models and use an absolute orientation 

process to estimate the correct alignment between them and use this information to get a 

metric reconstruction (HORN, 1987). 
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3.2. INDUSTRIAL SCENARIO TRACKER 

In general, the nature of objects’ appearance in industrial scenarios favors the use of edge 

based trackers since the edge information in these objects is more evident, and usually they 

have low texture information, as seen in Figure 8. On the other hand, it is hard to perform 

real-time detection of objects based only on their edge information. In addition, for an edge-

based tracker, when there is a crowded group of objects, it is harder to identify each object 

separately. The occlusions and the high number of nearby edges makes difficult the task of 

correlating the searched edges with the ones present in the scene. At last, in order to track 

the edges of each object, it is needed to acquire in advance its 3D model definitions, which 

is not always possible, and so an automatic reconstruction phase is preferred. 

Figure 8. Typical industrial scenario in which most of the equipment are textureless and with well defined edges. 

 
Author: (http://www.starminenews.com/working-at-amazon-highly-stressful-report-finds/5668/#prettyPhoto). 

Taking into account all these issues, the developed tracking system is based on invariant 

keypoints extraction and matching. Even though the use of this approach is recommended 

for high texturized scenarios, these keypoints are also able to describe low texture objects 

as long as there is enough color information in the whole scene. It aims to perform real-

time detection and tracking of complete complex scenes by using an automatic 3D 
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reconstruction based only on images. Beyond, the system is able to automatically initialize 

and recover from failures. This feature is highly recommended for industrial scenarios since 

the user of the tracking system, being a human or robot, may navigate and focus on not 

traceable scene regions. In addition, the use of invariant keypoints enables the tracking of 

the scene as a whole, being not restricted to planar scenarios or single object tracking. 

Furthermore, a metric calibration is also necessary to applications that need to relate real 

coordinates from the scene and the tracked models. 

3.2.1. TRACKING 
The implemented tracker presented here is mainly based on the work of Gordon and 

Lowe (GORDON; LOWE, 2006) and can be divided in two phases: an off-line step in which 

the 3D model to be tracked is generated and an on-line stage that consists in keypoint 

extraction, description, matching and pose calculation steps. The off-line phase will be 

discussed in the next subsection. 

The first step of the on-line phase consists in extracting and describing 2D keypoints 

from the current image using the Scale-Invariant Feature Transform, better known as SIFT 

algorithm (LOWE, 2004). SIFT keypoints are invariant to scale, illumination and viewpoint 

changes, being more suitable to track objects with high color texture variation on its faces. 

However, as it will be discussed in the experiments section, these keypoints are also able to 

describe low texture objects as long as there is enough color information in the whole 

scene. 

After extracting and describing the SIFT keypoints, the system matches the current image 

keypoints with the set of keypoints from the reconstructed model acquired in the off-line 

phase. This matching is done by a best bin first search algorithm with the help of a kd-tree 

to speed-up the process. 

Even with all the robustness of the SIFT matching, some points could be wrongly 

correlated, resulting in outliers. To remove these bad matches, the tracker was improved 
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with a technique that is able to validate keypoints orientations, even when out-of-plane 

rotations occur (LONCOMILLA; SOLAR, 2008). 

Given a set of matches, it is possible to assign a 3D coordinate from the model for each 

matched keypoint. Thus, the pose calculation can be performed using a set of 2D-3D 

correspondences, in which the 2D points come from the image and the 3D are from the 

generated model in the off-line phase. This knowledge allows the pose calculation in each 

frame, independently of the previous results, guaranteeing a detection behavior of the 

tracker and allowing it to automatically recover from tracking failures. The pose estimation 

is calculated by using the RANSAC algorithm allied to the EPQP estimator (MORENO-

NOGUER; LEPETIT; FUA, 2007), as discussed in chapter 2. 

3.2.2. RECONSTRUCTION 
After the analysis of some constraints found in a general industrial scenario environment, 

a video based approach was chosen to generate the 3D model of the scene. For instance, 

the tracking scene may be very bright, invalidating the use of a structured light technique. In 

other situations, such as a small warehouse, it is difficult to use a laser scanner because of its 

size. Besides, this type of equipment is expensive, as mentioned before. 

There are several image based 3D reconstruction tools available; some of them are 

commercial, some are commercial with free use for academic purposes and others are 

academic. Most are based on a SfM technique and need only a few images as input to 

generate the 3D model. Being free for academic usage, the VisualSfM (WU, 2012) was 

chosen as reconstruction tool. 

Some reasons were determinant to select this tool. One is that it uses SIFT features in 

the reconstruction process, which is the same used by the chosen tracker, as mentioned 

before. Because of that, most of the reconstructed 3D points come from 2D points that 

have a high probability to be also extracted by the tracker, which makes the matching phase 

more stable. It is important to notice that the VisualSfM produces the point cloud with a 

great amount of points. To maximize even more the extraction of correspondent points, it 
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is a good practice to take the pictures that will be used by the VisualSfM with the same 

camera that will be used in the tracking phase. 

Another advantage of the VisualSfM is that it exports the model as an ASCII file that has 

the projection matrix for every image used in the reconstruction and all the tracks found in 

the process. A track is a set that contains one 3D point and all the correspondent 2D points 

used to generate it. The track also contains one image for each one of the 2D points. So, 

this file is loaded and this information is converted to the data structure that will be used in 

the tracking phase. It is also possible to export the model as .ply, a common file format 

for 3D models. 

The VisualSfM tool has a free license policy for personal, non-profit, or academic use as 

long as the tool is not modified and the VisualSfM authors are referenced, which is the case 

for this work. For commercial use, the VisualSfM authors must be contacted for an 

appropriate licensing. 

3.2.3. CALIBRATION 
In order to achieve a metric model to be tracked, the presented tracker system employs 

a calibration phase based on the work of Hartley and Zisserman (HARTLEY; ZISSERMAN, 

2004). Since the VisualSfM provides a reconstruction ASCII file with all intrinsic %u and 

extrinsic [�u|8u] parameters for each reconstructed camera v, it is possible to combine these 

information with 2D points matched in a subset of the images set (UuK!, UuK, UuKF) to 

correctly approximate its 3D coordinates SwTx, a known process called triangulation 

(HARTLEY; ZISSERMAN, 2004). Figure 9 illustrates this procedure. In our tracker for 

industrial scenarios, a subsystem based on manual intervention was implemented to achieve 

this goal. 
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Figure 9. Triangulation and calibration procedures. 

 
Author: Francisco Simões. 

After the triangulation it is possible to correlate the 3D triangulated points (S!wTx, SwTx, 

..., STwTx) with known 3D metric points (S!xy�, Sxy�, ..., STxy�) in order to estimate a 

transformation matrix G[���]. This matrix can be applied to all 3D points in homogeneous 

coordinates and take them from the similarity model to the metric one. The metric points STxy� are loaded from a calibration file provided by the user with the correct measurement 

in the real world coordinate system. As the transformation matrix is estimated by a linear 

system, at least four correspondences between similarity and metric points are necessary to 

achieve a unique solution. 

3.3. CASE STUDY 

The evaluation of a tracking system for AR applications is not an easy task (TAMURA; 

KATO, 2009). Many efforts have been done in the past years to provide metrics and 

standards to analyze the aspects related to this problem (KURZ, DANIEL BENHIMANE, 

2012) (MOREELS; PERONA, 2007) (TUYTELAARS; MIKOLAJCZYK, 2007). Since 2008, the 

International Symposium on Mixed and Augmented Reality (ISMAR) promotes the ISMAR 

Tracking Competition, a contest aiming to challenge state of the art trackers through real 
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world problems, therefore stimulating breakthroughs in current solutions. All the scenarios 

prepared for the competition try to replicate real problems for tracking systems, such as 

lighting conditions, task specificities, user constraints, levels of texture information available, 

objects relative size, camera resolution and others. 

In 2012 the ISMAR Tracking Competition simulated a manufacturing task in which the 

environment was divided into five areas. The user, simulating a worker, had to be guided by 

the tracking system through these areas collecting specific objects from an area to put at a 

specific location in another one. The only input for the tracking system was the 3D 

coordinates of the objects to be picked up and the position where they should be placed. 

Each area was composed by one table with specific objects placed over it. The level of 

difficulty was different for each table, depending on the size, shape and texture of its objects. 

These five areas can be seen in Figure 10. 

 

 

 

Figure 10. ISMAR Tracking Competition manufacturing scenario: (a) texturized planar poster with eight drinking glasses 

over it; (b) cardboard box with metal pieces inside and surrounding it; (c) plastic white board with several small pieces with 

different shapes, sizes and colors; (d) white planar paper with glass goblets and plastic cups; (e) table with the position 

where the picked up objects had to be dropped. 
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Author: (SIMOES et al., 2013). 

Figure 10(a) shows that over the first table laid a texturized poster of the ISMAR 

conference to simulate the simpler case of a textured planar surface. There were also eight 

drinking glasses in order to disturb the tracking by adding refraction effects, which means 

that the number of outliers may be enlarged since most of the techniques are not able to 

deal with such artifact. Often industrial scenarios provoke the presence of outliers even 

with robust feature detection and matching, as discussed in the section above. 

The table seen in Figure 10(b) had several metal pieces, some inside and others outside 

of a cardboard box. The goal was to simulate areas that are difficult to access. Another 

difficulty for the tracking system was the fact that they scrambled the objects outside the 

box after the calibration phase as an attempt to simulate small scenario changes between 

calibration and tracking, a possible problem in manufacturing environments. 
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The table in Figure 10(c) simulated a typical manufacturing scenario with several small 

pieces, some different from each other and some with the same size and shape. These 

characteristics made it more suitable for edge based techniques and represent a common 

problem at many industrial scenarios which is the absence of textures and the similarity 

between objects. 

In the table shown in Figure 10(d) the organizers created a tricky scenario with several 

glass goblets and plastic cups over a textureless table. This table simulates the case in which 

there are objects over a planar surface with well-defined edges. An edge based technique 

would suffer because of the glasses and a texture based is not suitable for this textureless 

environment, but a simple homography based planar tracking is capable of handling this 

scene. 

The last area, seen in Figure 10 (e), was the target table. It had several objects and 

locations for putting the objects coming from the previous tables. Some of them were close 

to each other and others were superposed. Since the objects picked had to be dropped 

over one of these objects or space locations, it analyzed the tracking precision. This table 

was also composed by both textured and textureless objects. This was the most important 

table since all the objects had to be dropped there, giving half of the score points in the 

competition. 

The contest runs during two days, being the first one dedicated to the setup phase and 

the second one to the competition itself. Each team was allowed to explore the room, 

calibrate their system, test and adjust their tracking algorithms before the competition. In 

order to calibrate the system, all teams received a file with the metric coordinates of the 3D 

points corresponding to all markers placed in the room. These markers had just the 

function to enable the calibration and could not be used to help the tracking. 

The actual competition happened in the second day. Every team received a file with the 

3D points of objects that should be picked up from the four first tables and the position 
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where they should be dropped in the last one. The system had to guide the user through 

this task, simulating the real world manufacturing scenario. 

3.4. EXPERIMENTS 

The presented tracker was developed in C++ using data structures and basic functions 

from the OpenCV, VXL, DSVideoLib and OpenGL libraries. The IDE used was Microsoft 

Visual Studio 2010. The competition rules stated that the tracker system must run using any 

device that only one person can carry and still be able to pick up the objects. Thus, the 

device used was a notebook with Intel Core i7 processor having 4 cores of 2.3 GHz each, 8 

GB of RAM memory and the NVIDIA GeForce GTX 670M graphic card. The Microsoft 

LifeCam Studio webcam provided the video and image input for tracking and reconstruction, 

both with 640x480 pixels resolution. 

Firstly, the reconstruction quality was evaluated, since it is very important for an accurate 

model-based tracker. In the setup phase several pictures of the tables were taken to be used 

as input for the VisualSfM. As mentioned before, the camera used in the reconstruction was 

the same as for the tracking phase. There is not an ideal number of photos to be used. 

The first decision to make was to use a single big reconstruction for the entire room or 

to use one reconstruction for each table. If using a single reconstruction, the calibration has 

to be done just once and visible markers for calibration do not need to be in all tables. That 

could speed up the process and minimize the chance of not having all tables calibrated. The 

problem of this approach is to generate a reconstruction that contains all tables.

Figure 11. The reconstruction result for every table in the tracking competition. Tables (a), (b), (c) and (e) could be well 

reconstructed using feature information. The exception was table (d), that is textureless. 

 
Author: (SIMOES et al., 2013).
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The Visual SfM tends to maximize the quality of the reconstruction by splitting it into a 

set of reconstructions, generating one reconstruction for each set of images that contains 

many textured elements in common. That means that would be better to reconstruct each 

table separately. Thus, we tried to use the minimum quantity of pictures possible that could 

generate an adequate reconstruction of most of the tables. This is because the higher the 

number of photos the longer the time to perform the reconstruction. 

In this case, there are not metrics or values defined that can attest with certainty that the 

reconstruction result is adequate, but indeed there are some indications that can guide the 

evaluation process. One of them is the number of images that the Visual SfM used for the 

reconstruction. The number of 3D points composing the model tends to increase since 

more pictures were used to feed it, degrading the performance. Additionally, the 

reconstruction was also visually evaluated by the percentage of the whole scene 

reconstructed and the number of points that do not fit to the real world (outliers). In some 

cases the result was not good enough to enable the tracking. When that happened, more 

pictures were taken and a new reconstruction was made using the original images in 

addition with the new ones. 

Figure 11 shows the reconstruction result for all tables. In most of them the 3D model 

generated was visually coherent with the real scene. Only the reconstruction result of table 

(d) was not good, because VisualSfM uses texture information to generate the 3D model 

and this table does not have this characteristic. 

The tracking system used in the competition performed in real-time, with a FPS of 29.41 

for a 320x240 resolution image and 20.94 for a 640x480 frame. As mentioned before, the 

goal was to pick up objects from four of the five tables and drop them at a specific location 

in the fifth table. The system was able to track every table individually, as can be seen in 

Figure 12. However, there were problems to align some of the reconstructions with the 

defined coordinate system, and the system was able to pick and release only the objects 

from the tables (a) and (e), which were correctly calibrated. An important matter was that 
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the calibration system used needs the 3D point in metric coordinates of at least four non-

coplanar markers in each provided table. For most of the tables it was not possible to 

reconstruct all of the needed markers. In some tables there were just two or three easily 

visible markers. The others were too far from the table or were in another one. 

Every table simulates a different situation in the industrial scenario, presenting different 

challenges. For instance, table (a) represents the most common case for texture based 

trackers, which is a planar textured pattern. The addition of drinking glasses represented an 

addition to the number of outliers in the system due to the refraction effect. However, 

since a large area of the poster remained unaffected by the refraction, the tracker was able 

to keep tracking correctly a sufficient number of features in order to calculate the final pose. 

The pose also showed a good precision because the outliers generated by the refraction 

related error were discarded either in the outlier removal or in the RANSAC processing 

steps. 

Figure 12. Each row shows four frames of the working tracker on a different table. The green dots are the features 

extracted in the frame that match with keypoints detected in previous frames. 
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Author: (SIMOES et al., 2013). 

The goal in the scenario of table (b) was to collect one of the metallic pieces in the 

interior of the box. Even though there were several of these textureless objects, the SIFT 

algorithm was able to extract and match the features required. This was probably because 

the overall scene was treated as a large textured pattern. Besides that, the box itself had 

some texture on it, which helped the tracking technique. After the setup phase, the 

competition organizer changed the metallic objects that were outside the box. This 

simulates a situation in which workers would change the environment during the tracking. 

Since the box and the pieces inside it did not change, the tracker should rely only on these 

parts of the table. On table (b) it is possible to see that several features were extracted 

from those areas. 

On table (c) there was a set of organized small colored pieces. Tracking each piece 

separately is a non-trivial task for texture based trackers. However, since the pieces are 

grouped in the same scene region, the overall area generates traceable textured patterns 

which can be detected by the SIFT extraction. The repetitive nature of the arrangement on 
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this table may be an issue but in this case the repeatability is not massive enough to nullify 

the distinctiveness property of the extracted features. 

Table (d) is specifically hard to track using keypoints information. This table setup is 

composed mainly by a white table cloth and a set of glass goblets and plastic cups, containing 

almost no reliable color information. Figure 12 shows that only few features are tracked 

over the table itself. However, considering the overall scene information, sometimes it is 

possible to reconstruct and track determined scene by using not only the targeted model 

but also additional parts of the environment. This way, it is possible to perform a sort of 

environment tracking, in which the tracking procedure can match keypoints with other 

scene regions than the model itself. In this case, due to the presence of the textured pattern 

from the floor, SIFT keypoints were extracted and matched, making it possible to track the 

camera position in the scene even without a rich textured model as a target. This kind of 

tracking is not ideal since it is needed to fit more elements in the captured frames, other 

than the aimed model. However, it turns to be an alternative to guide the user in these 

difficult scenarios. 

Finally, table (e) presented an intermediate scenario relating to table (c) and table (d). It 

presents a few non-textured objects over the table. These objects are generally bigger and 

more complex than the ones presented on table (c), which makes possible the identification 

of features even without crowded scene parts. 

The overall results of the presented tracking procedure showed to be possible to use in 

different scenarios regarding specific issues like refraction, self-occlusion, non-textured 

targets, planar and non-planar cases and dealing with both, crowded scene regions and 

sparse objects distribution. 

3.5. LESSONS LEARNED 

We learned some important lessons from the experience of researching, developing and 

validating a tracker system for an industrial environment. By sharing these lessons learned 
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with the community, we believe that it might help others researchers to prevent errors or 

anticipate problems in the development of their own tracking systems. 

First of all, the image based reconstruction is very important for the final result. Without 

a good reconstructed model it is almost impossible to have a good tracking based on 

models of the target objects. For achieving a good reconstructed model there are often 

required more matches that for the tracking itself. In order to consider a reconstruction 

result a good one for tracking, there should also be observed aspects such as percentage of 

the whole scene reconstructed and types of objects reconstructed, number of wrong 

reconstructed parts, number of points that do not fit to the real world (outliers) and 

number of images used in the reconstruction. For more complex scenes it could be 

necessary to use more images and this could slow down the reconstruction process. Thus, 

it could be interesting to insert textured patterns in the scene for the setup phase in order 

to improve scene reconstruction. There is a chance that the tracking phase can succeed 

without having the textured patterns present on the scene just because the reconstruction 

is better. In the next chapter we discuss about 3D reconstruction in difficult scenes, subject 

motivated by this chapter. 

The calibration is a very critical step for the tracking to work properly, since it is 

necessary to have enough reconstructed images with the calibration points visible on them. 

One approach that helps to solve this problem is to force the reconstruction algorithm to 

not discard some defined images, warranting that they were used for producing the final 

reconstruction result used them. Another possibility is to reconstruct subsets of two or 

three tables together to simplify the calibration. It must warrant that the four required 

calibration points appear in it. As discussed before, a possibility is to use a reconstruction 

for the entire room but to do so the system must use a 3D reconstruction tool that does 

not split the reconstruction in small sets. Sometimes this is not possible because of the 

distance or obstacles between industrial areas. Since it could degrade the reconstruction 

result it deserves a deeper analysis. 
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Another important point is to do the calibration in a reverse way. Instead of calibrating 

all the models and then tracking the complete calibrated model, it is better to track using 

the non-calibrated model and change the virtual information to be added using the inverse 

calibration. This procedure maintains the tracking more stable because the calibration 

process could add error to the model. 

The automatic focus and exposure control of the camera will also add problems to the 

process. There are software as the Microsoft Lifecam that can be used to control and fix 

these parameters manually. Sometimes because of the lighting changes the algorithm gets 

lost and comes back just when the focus and exposure stabilizes. 

During the competition it was also noted that the system should give feedback to the 

user regarding tracking quality, since industrial scenarios can have many similar objects close 

to each other and the user can be fooled by an incorrect guidance caused by a tracking 

failure. Due to that, a message was displayed in the title bar of the application in order to 

inform the use if tracking was correct or not. 

3.6. SUMMARY 

This chapter presented and discussed a complete system that is able to reconstruct, 

calibrate and track industrial scenarios. The main advantages and drawbacks of this 

procedure were analyzed based on its results at the ISMAR Tracking Competition that was 

used as a validation case study for the system. Besides that, this chapter provided a 

comprehensive analysis of several aspects related to the development of a tracker system 

for industrial scenarios that serve as inspiration for this PhD thesis development. Thus, this 

chapter can help other researchers and developers that are engaging in a similar task. 

Motivated by this chapter, we decided to make a deep analysis regarding 3D 

reconstruction from images for complex scenes, that can be found in the next chapter. In 

sequence we advance to develop new trackers that can deal with some of the observed 
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opportunities like new sensors availability (chapter 5) and learning based techniques 

(chapter 6). � 
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4. VIDEO BASED MODEL ACQUISITION 
FOR INDUSTRIAL SCENARIOS

In recent years, 3D reconstruction from images has played a major role in Computer 

Vision with many improvements regarding both quality of the 3D model and performance in 

model generation. It has been used from offline city model generation with thousands of 

images (SNAVELY; SEITZ; SZELISKI, 2007) to real-time scene modeling and interaction 

(NEWCOMBE; DAVISON, 2010). 

One of the main uses of 3D reconstruction is the automatic generation of 3D 

representations of objects that are difficult to model, speeding-up the model generation 

process for graphics applications and tracking algorithms. This technique can be used both 

for indoor and outdoor scenes, with some improvements needed to deal with lots of data 

and uncontrolled environments that commonly influence outdoor scenes (POLLEFEYS; 

NISTÉR; FRAHM, 2008). 

Figure 13. Model acquisition technique. In (a) we can see the recovered 3D point cloud and cameras of an industrial object. 

In (b) we can see just the point cloud that can be represented as a textured point cloud (c) or as a textured mesh (d). 

 
Author:(SIMOES et al., 2012) 
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In the energy sector, there are many efforts to simulate and maintain electrical 

substations working properly without turning them off. In this scenario, virtual/augmented 

reality and simulation technologies can be applied to analyze working conditions (ROMERO 

et al., 2008) and for that, the 3D models of the equipment are a fundamental component 

that is not always available due to the age of electrical substations in Brazil, that sometimes 

were built more than 30 years ago. 

Traditionally, because of its model quality and precision and the lack of an efficient 

cheaper technology, laser based reconstruction has been applied to many industrial 

applications with great results (FROHLICH; METTENLEITER, 2004) and it is well accepted 

by engineers. Although, the main drawback of laser scanning is its price, that even with the 

maturity of this technique is still high. In this scenario, 3D reconstruction from images 

shows itself as a potential candidate to be used to generate the 3D models needed by the 

industry and it is vital to verify the limitations and advantages of these techniques. 

In fact, there are many industrial applications in the energy sector that can take benefit of 

the power of 3D reconstruction. However, as far as we know, no work has focused on this 

domain yet. Recent advances in quality and performance in 3D reconstruction from images 

techniques will be discussed throughout this chapter. This work will also discuss the 

advantages and drawbacks in using 3D reconstruction from images techniques and tools in 

the uncontrolled environment of an electrical substation, from the scenario characteristics 

and tools limitations points of view. Some representative available software (commercial and 

academic) were evaluated during this thesis and the relationship between scenario/object 

characteristics and reconstructed model quality is pointed out (SIMOES et al., 2012). 

It will be shown that a scenario like an electrical substation demands from the 3D 

reconstruction tool the ability to deal with specular and textureless objects, dense 

populated environments containing large scale equipment, and uncontrolled scenarios with 

undesired elements for the reconstruction such as the sky and surrounding vegetation, 

beyond others. Our goal in this chapter is to provide an analysis that can contribute to 
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further improvements in future works to enable the use of these techniques to create 

industrial applications with large scale difficult objects, in the energy sector and others with 

similar scenarios. 

This chapter is structured as follows. In subsection 4.1 recent improvements in 3D 

reconstruction of large scale scenes and objects are discussed. In Section 4.2 the Structure 

from Motion technique pipeline and the analyzed tools are briefly explained. In Section 4.3 

the characteristics of electrical substations objects that challenge the reconstruction process 

are introduced. In Section 4.4 the reconstruction results obtained from available tools are 

discussed. Finally, in Section 4.5 conclusions and future work are drawn about modeling of 

large scale objects for electrical sector applications. 

4.1. 3D RECONSTRUCT ION 

Most of the effort in the last few years in the area of 3D reconstruction of large scale 

objects and scenes is dedicated to recover city buildings and monuments (AKBARZADEH 

et al., 2006) to be used in applications like Google Earth/Maps and Microsoft's Bing Maps. It 

is also addressed to recover historical or archaeological sites to cultural heritage 

maintenance(AGARWAL et al., 2009). The first application domain often acquires data from 

systems mounted on cars that go through the streets capturing the scene. The second one 

usually relies on photo collections available through the internet with a huge amount of data 

captured by different cameras and in different times of the day (web database collections). 

Most of the difficulty when working with large scale objects and scenes, such as buildings 

and streets regards to the camera path that has to be retrieved by the SfM algorithm, used 

as basis to passive 3D reconstruction from images. In order to overcome these issues, many 

recent works try to improve the camera tracking quality along a video/image sequence by 

attaching to the camera other sensors like GPSs (Global Positioning Systems) and/or inertial 

sensors to stabilize and reduce influence of error accumulation on the great amount of 

images necessary to reconstruct the scene (POLLEFEYS; NISTÉR; FRAHM, 2008). Another 
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possibility is to merge reconstruction from images with active range data (acquired from 

LiDAR - Light Detection And Ranging, for example) (FRÜH; ZAKHOR, 2004). However, 

this approach is often more expensive and requires more power and resources to operate 

since it does rely as well on an active technique (an active technique adds the information 

that is going to be captured by the sensor), beyond the already used passive one (SfM). 

Obviously these two approaches do not apply to internet photo collections but to car 

mounted systems because of the necessity of additional equipment attached to the cameras. 

One great source of information in the reconstruction of streets is the fact that the 

ground is orthogonal to the building walls and therefore they can be easily approximated by 

planes. Some pipelines were proposed to take advantage of this characteristic by using the 

sweeping planes approach to go from a sparse reconstruction to a dense one and to label 

the objects based on that sweeping planes (GALLUP et al., 2007). When applied to scenes 

without dominant planar parts, these approaches do not provide the same quality and show 

some drawbacks to be used efficiently. 

Car mounted systems capture a sequence of images, and most of the techniques make 

use of this temporal continuity to perform feature extraction and matching between images 

with the KLT tracker (LUCAS; KANADE, 1981) or other temporal approach. The systems 

which use a web database of images rely on an extractor and matcher that does not depend 

on temporal information and often use a descriptor-based extractor and matcher such as 

SIFT (LOWE, 2004). As the junction of different reconstructions is a big challenge in the 

process of reconstructing large scale objects, some works use a variation of SIFT (2D 

descriptor) for 3D descriptions that is called Viewpoint Invariant Patches (VIPs) (WU et al., 

2008). By doing this, the system is capable of better relating the partial reconstructions since 

they rely on a 3D relationship instead of a 2D one (POLLEFEYS et al., 2010). 

Another important issue that needs to be pointed out about large scale objects, either 

for street captures or for web databases is the high computational demand required for 

acceptable performance. In a way to achieve real-time or acquisition-time results 
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(acquisition-time results mean that processing time is in the same order of magnitude of 

video acquisition-time), recent systems are using GPU computing to speed-up the process 

(CHOUDHARY; GUPTA; NARAYANAN, 2010) (WU, CHANGCHANG; AGARWAL; 

CURLESS; SEITZ, 2011). These works are focusing on many parts of the reconstruction 

pipeline, from image extraction and matching (SINHA et al., 2006) to bundle adjustment 

(TRIGGS et al., 2000). 

4.2. STRUCTURE FROM MOT ION TECHNIQUES AND TOOLS 

The SfM technique requires only a set of images to reconstruct the scene. This process 

can be divided into two stages: sparse reconstruction, that recovers only a subset of points 

from the visible scene generating a called sparse point cloud, and dense reconstruction, 

which ideally recovers each point of the visible scene generating a dense point cloud. As 

traditional SfM pipelines - explained in sequence - are computationally too costly, often the 

reconstruction process is split into these two phases where the first one generates the base 

of the reconstruction. Thus, the SfM algorithm reconstructs only the most reliable and 

stable points of the images based on image processing algorithms and geometrical 

properties. Then, the second one adds to this first reconstruction enough points to be 

called a dense reconstruction. It means that the model has almost one 3D reconstructed 

point for each pixel on the image. This result can be accomplished either using SfM like 

steps (SNAVELY; SEITZ; SZELISKI, 2007) or other multiple view geometry algorithms 

(POLLEFEYS; NISTÉR; FRAHM, 2008). An example of sparse and dense reconstruction can 

be seen in Figure 14. 
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Figure 14. Sparse 3D reconstruction on the left and dense 3D reconstruction of the same scene on the right. 

 
Author: (FURUKAWA; PONCE, 2010). 

4.2.1. SFM P IPELINE FOR LARGE SCALE OBJECTS 

The SfM algorithm allows the 3D reconstruction from images systems to initially recover 

the motion of the camera and in a second step retrieve the 3D structure of the scene. For 

many interactive applications, such as AR, the motion part of the pipeline is more important 

than the structure calculation (sometimes already known before starting tracking (PARK; 

LEPETIT; WOO, 2011) or updated only in some frames of the sequence), allowing the 

system to recover camera poses in real-time in order to add virtual content to the real 

scene (KLEIN; MURRAY, 2009). To applications that are interested in modeling the objects 

that are part of the scene (only reconstruct the 3D structure of the scene) the second step 

is the most critical, and often it is not done in real-time because of the amount of 

information processed. Although, as the quality of the model relies on the first step of the 

pipeline, these systems have to care about both motion recovery and structure retrieval. 

The classical SfM pipeline is represented by (HARTLEY; ZISSERMAN, 2004): 

• Feature Extraction and Matching; 

• Camera Pose Estimation; 

• 3D Point Generation (Triangulation); 
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• Bundle Adjustment. 

In the feature extraction and matching phase, the system has to extract from the images 

some characteristics (LOWE, 2004; LUCAS; KANADE, 1981) that could be used to make a 

relationship between the input images. The relationship is possible by the matching step that 

looks after features correspondences through the images using detection (SKRYPNYK; 

LOWE, 2004) and/or temporal coherence (BAKER; MATTHEWS, 2002) (sometimes with 

the use of multiple view properties as fundamental or homography relationships to improve 

the matching phase). With the matching of the images finished, the system chooses the best 

camera pair to be used for the estimation of the first camera pose (AHMED et al., 2010) 

and triangulation (HARTLEY; ZISSERMAN, 2004) (real-time systems wait for the next image 

of the sequence that is a good pair for the first good image already chosen before starting to 

reconstruct (KLEIN; MURRAY, 2009). 

The first camera pair reconstruction is a critical step for ensuring the quality of the 

generated model since each of the following steps relies on its results. To do so, the 

fundamental matrix is calculated for the chosen pair by using one of the possible PnP 

algorithms (eight-point and five-point being the most usual) with some robust estimation 

technique as RANSAC (discussed in Chapter 2). 

After that, the calibration matrix can be estimated with some auto calibration method 

and the essential matrix is computed (if the calibration matrix is previously known, the 

essential matrix is computed directly from image matches using the same approach of the 

fundamental). Using the essential matrix it is possible to retrieve the camera poses for the 

pair and after that the system uses a triangulation technique to recover the 3D points by 

minimizing the reprojection error on the images. 

After computing all poses and points in the sparse reconstruction stage, the system 

passes through the bundle adjustment step to refine both cameras and points for multiple 

view reprojection error minimization. This step has a great impact in the quality of the 

result due to the great amount of information taken into account and its execution is 
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possible in a reasonable time because of the use of some sparse matrix properties (Sparse 

Bundle Adjustment method)(LOURAKIS; ARGYROS, 2009). Some recent works improved 

the speed of this process by using NVIDIA CUDA programming (WU, CHANGCHANG; 

AGARWAL; CURLESS; SEITZ, 2011). 

4.2.2. SFM-BASED TOOLS 
The SfM pipeline has been used as basis for the development of some 3D reconstruction 

from images tools. Some representative tools were chosen in this work in order to perform 

an analysis of their applicability to reconstruct difficult large scale objects of an electrical 

substation scenario. The first tool is available for free use (123D Catch from Autodesk 

(AUTODESK, 2012)), the second one is an academic tool (VisualSFM, developed by the 

University of Washington at Seattle (WU, 2012) and the third one is commercial (Boujou 

from Vicon, a trial license is used in this work (VICON, 2012)). 

Unfortunately, during this research, it was not possible to analyze some of the state of 

the art techniques for large scale scenes reconstruction mentioned in the related work 

session because they are not available for download, being used in intern projects of the 

owner companies and universities. 

4.2.2.1. 123D Catch 

The 123D Catch beta is a tool released by Autodesk Inc. in 2011 that uses cloud 

computing to transform digital photos into photorealistic 3D models. For that, the user has 

to send to a web server multiple digital photos of a static scene that can portray general 

objects or people. These photographs are processed on the cloud and, after some minutes, 

the cameras and model data are generated. Differently from other tools, it is not necessary 

to have lots of pictures of the scene; commonly, 40 are used. More information can be 

found on the project website (AUTODESK, 2012). 

This tool generates a 3D structure of the scene (sparse point cloud), its mesh (dense 

reconstruction) and 360° visualization, being possible to apply a texture to the generated 

model or not. This structure can be visualized within the tool or exported to other know 
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formats, such as the Wavefront .obj format. It also allows the creation of movies showing 

the user interacting with the model, selecting specific areas and other viewing functionalities. 

This is a powerful tool when representative scene pictures are provided and its execution 

time is short due to its cloud-based characteristic. 

4.2.2.2. VisualSFM 

Developed by Changchang Wu in 2011, at the University of Washington, this tool 

consists of a Graphical User Interface (GUI) application that integrates and improves other 

works from the University, such as Noah Snavely's Bundler, that is the SfM module of the 

Microsoft's Photo Tourism (SNAVELY; SEITZ; SZELISKI, 2007), responsible for the 

execution of the initial steps of the reconstruction process, and the Yasutaka Furukawa's 

CMVS (FURUKAWA; PONCE, 2010), which creates dense models (hundreds of thousands 

of points) from scenes reconstructed using Bundler. The CMVS is an extension that 

converts the Furukawa's previous work, the PMVS2 (FURUKAWA; PONCE, 2010) to be 

able to handle large input image collections in a more manageable cluster of images. More 

information can be found on the project website (WU, 2012). 

The main goal of this tool is to generate a visually coherent dense point cloud that could 

be used in visual applications with the texture associated directly to each point (each point 

has a color that comes from the reconstruction). Despite that, it is also possible to generate 

a mesh from the dense point cloud to be used in simulation applications by using simple 

algorithms since the point quantity is too high (more than 150k points for an object with 4 

meters tall and 6 meters far from the camera). 

Another positive point is that the VisualSFM tool facilitates the reconstruction process 

for the user by just clicking some buttons and changing a few parameters, hiding the 

complexity of Bundler and CMVS, like handling input configuration files and adding a more 

intuitive and user-friendly interface. 
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4.2.2.3. Boujou 

Another computer vision application that was considered is the Vicon's Boujou (VICON, 

2012), which is a consolidated match movie and post production software tool. However, 

Boujou was not suitable to perform the 3D model reconstruction analysis in this work 

mainly because it concerns primarily with camera features and the estimation of some scene 

points, optimizing this process as long as the user has previous information about the scene, 

i.e., a previous 3D model to estimate the camera pose. Apart from that, Boujou does not 

have a free academic license, so the authors could only get access to a trial of the software, 

which could not have its full capabilities enabled. By that, just the 123D Catch and VisualSFM 

were evaluated. 

4.3. ELECTRICAL SUBSTAT IONS SCENES AND OBJECTS 

An electrical substation is a dangerous place to work. In Brazil, for example, it is 

necessary to have a specific certification, obtained after a 2 weeks training and valid for only 

2 years to enter the energized zone, even for visitors. Another problem when capturing 

images inside a substation is the object's characteristics that can lead to difficulties for SfM 

techniques. In this section it will be discussed the problems in data acquisition inside 

electrical substations from the scenario point of view (Subsection 4.3.1) and objects 

characteristics (Subsection 4.3.2). 

4.3.1. HAZARDOUS SCENARIO 
The scenario of an electrical substation is an extensive outdoor environment with diverse 

elements that have different scales (towers, transformers, transmission cables, among 

others) that influence both the data acquisition and the models' reconstruction process. In 

addition, there are also problems related to the configuration of the environment and its 

elements. Various equipment in electrical substations are close to each other and/or have 

relative high dimensions. This causes visibility problems that will trouble the visual capturing 

process. An example is the occlusion between objects, since it is impossible to shoot a 360° 
video of the equipment due to lack of access and its dimension. 
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Another meaningful problem is to get closer to the equipment because of the high level 

of electricity involved. Some areas cannot be accessed by humans and auxiliary equipment is 

not allowed because of the high voltage involved. Equipment as stabilizers and rails to 

improve camera path estimation are not allowed except if they are made from a non-

conductor material and after a rigorous inspection by engineers. By that, this work just 

focused on manually captured scenes using handheld cameras. 

4.3.2. D IFFICULT OBJECTS 
Being an outdoor environment scenario, image based reconstructions can suffer direct 

interference of light conditions, mainly because of the sunlight, whose intensity can challenge 

feature extraction and matching step. Some equipment of an electrical substation are 

manufactured using materials such as metal and porcelain, as can be seen in Figure 15 (a). 

Due to their characteristics, these materials can cause reflection problems, since a specular 

feature does not obey the projective geometry properties on the object surface leading to 

false matches. 

The greatest problem with these false matches is the difficulty to automatically verify 

them, even with the use of fundamental matrix relationships, because there are a lot of 

similar false matches that can cause a bad influence on fundamental estimation by statistical 

algorithms, such as RANSAC. To deal with this problem some specularity removal 

techniques (SHEN; CAI, 2009) were used to identify probably specular areas and remove 

them from the matching phase. 

Figure 15. Typical electrical substation: (a) specular surfaces, (b) regular and textureless faces, (c) thin and elongated parts 

and (d) background distance too far in relation to object size. 
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Author: (SIMOES et al., 2012). 

Regarding structural characteristics, most substation equipment are basically composed 

by many regular faces, both the structure (planar faces) and the texture (almost uniform 

colors), as can be seen in Figure 15 (b). This appearance reduces the number of individual 

features and directly affects the sparse reconstruction result. These surfaces are not usually 

large enough in relation to the object itself, leading to problems in the dense reconstruction 

stage since it is difficult to define a dominant facade for plane sweeping techniques. On the 

other hand, these planar parts are good for dense approaches that use patch expansion as 

basis for the process, as the CMVS through the VisualSFM. 

Another problem that arises from equipment's structure is related to transmission cables 

and towers. Figure 15 (c) shows that they are composed mostly by thin and elongated parts, 

which are naturally difficult to detect and identify, causing them to be wrong classified as 

“noise” in the reconstruction process. Another source of noise is the background that 

normally is highly texturized but too far from the objects. For safety reasons, in Brazil it is 

usual that electrical substations are built in somewhere isolated, normally with dense 

vegetation as background, as shown in Figure 15 (d). The relationship between conventional 

cameras resolution and background distance turns them into noise because the feature size 

cannot represent good features. 
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4.4. EXPERIMENTS 

This section shows the main results obtained by the three 3D reconstruction tools 

described in section 4.2.2. All the scenes were captured using a conventional handheld 

camera with a 1080i image resolution and fixed calibration, without any modifications on the 

environment captured. 

Until the time of writing this paper, the authors had no ground truth for any object 

considered, so the evaluation described in this section is done in form of a comparison 

between the tools and their capacity of giving adequate results, like number of points 

generated, number of noisy points generated, computing time. These are general 

comparison terms that make computational tools as cost-effective as possible. By adequate 

result is considered the quality of the generated model that should be able to be used in an 

electrical simulation application which needs a coherent geometrical model (relative depth 

of points, surface curvature and completeness of the model). Beyond, these models should 

be used in a visualization application where the model needs to have a visual similarity with 

the real object in sense of texture and approximate geometry (a good texture could 

approximate the object geometry). 

The test cases were given numbered names as labels to easily identify and reference them 

when convenient. They are listed and exhibited below. For each test case, the result 

obtained by 123D Catch and VisualSFM tools is commented and evaluated accordingly. 

Since all the test cases were obtained from a movie file, it is natural that the amount of 

frames is too high to achieve a reconstruction in a feasible computing time. Besides that, the 

Bundler uses the SIFT feature tracker (LOWE, 2004), whose main characteristic is that the 

frame baseline can be high, i.e., by using photos instead of a video. Therefore, key frames 

were extracted using the likelihood of each image with its predecessor and, when the 

images were more than 50% different were chosen as a valid key frame. 
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4.4.1. TEST CASE 298 
This test case object, illustrated in Figure 16, presents a textureless body in its most part. 

So, for tracking purposes, these textureless regions cannot be easily detected and therefore 

cannot be reconstructed properly by sparse reconstruction algorithms. In the dense step it 

is possible to close the empty spaces left by the sparse reconstruction technique because of 

the great amount of points generated or by a mesh approximation. 

Figure 16. Test Case 298 representative frame. There were used 68 frames from the original footage. 

 
Author: (SIMOES et al., 2012). 

Another important issue to consider is the noisy background of this scene, composed 

essentially by vegetation and other structures not necessarily used for the reconstruction of 

this object. 

Finally, the structure of the scene did not allow  capturing a 360° view of the object, but 

only a partial loop of approximately 150° around the object. Therefore, only a partial 

reconstruction of the object was possible. 

4.4.1.1. 123D Catch 

This tool generated a dense reconstruction of the scene and was able to correctly 

position the points on the slick regions in order to generate a mesh, as can be seen in Figure 

17(top). However it is possible to observe that some points belonging to the scene but not 

to the object were found and tracked, leading to unwanted points on the mesh. These noisy 

areas can be seen in Figure 17(bottom) and can be .  
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Figure 17. On the top, the final point cloud of Test Case 298 using 123D Catch without texturing. On the bottom, the final 

dense reconstruction with a texturized model. Noise areas appear in (a) and (b). 

 
Author: (SIMOES et al., 2012) 

The reconstruction process took approximately 15 minutes and generated a mesh of 52k 

points. Since a full loop around the object was not possible, only a partial but coherent mesh 

is generated. Another point is that this mesh would need a lot of manual processing to be 

used in an electrical simulation application that needs a good representation of the object 

(realistic in size and shape). The dense result (texturized mesh from sparse reconstruction) 

shows to be adequate for visualization because of the realistic texture and completeness 

relative to the object and background, but just for some frontal viewpoints. 



63 

 

 

 

4.4.1.2. VisualSfM 

Using this tool, it took approximately 50 minutes to obtain the reconstruction. The 

number of points generated in the Bundler stage, illustrated in Figure 18, was 9k points. For 

the dense reconstruction 176k points were generated. 

Regarding the sparse reconstruction stage (Bundler) it is possible to observe the absence 

of smoothness on the object surface but in the dense reconstruction, the CMVS algorithm 

was able to fill in most of the empty spaces, leading to a realistic model. However, 

compared to the mesh generated by the 123D Catch Figure 18), the generated model is not 

as realistic because of the smoothness on the surface of the object that is more suitable to 

be generated using a mesh representation instead of a point cloud. 

Figure 18. Top image shows the result of Test Case 298 after the initial reconstruction stage using Bundler. On the 

bottom, the results after the final dense reconstruction stage using CMVS. Camera path and frames along the footage are 

highlighted (a), as well as the sparse point cloud (b). 

 
Author: (SIMOES et al., 2012) 

A large quantity of wrong points were tracked and considered as part of the resulting 

model, since the VisualSFM could not filter those spurious points effectively. This may cause 
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problems to a simulation application but these points can be easily filtered by manual 

intervention. 

4.4.2. TEST CASE 304 
This scene (Figure 19) contains a lot of repeated patterns, which could confuse feature 

trackers, like SIFT or KLT, for instance. Besides that, objects that are not a target to the 

reconstruction (sky, vegetation) appear in the final model as noise, just because the intended 

structure cannot be isolated and filmed appropriately. 

Figure 19. Test Case 304 representative frame. There were used 41 frames from the original footage. 

 
Author: (SIMOES et al., 2012) 

4.4.2.1. 123D Catch 

The mesh illustrated in Figure 20 shows a 3D model of approximately 83k points 

generated from a sequence of 41 selected frames in 15 minutes. The reconstruction 

generated contains some undesired elements because of the background and complexity of 

the scene (many objects proportionally close to each other). The vegetation noise also 

worsened the tool's performance but this could be handled with some improvements in the 

outlier rejection method of the tool. As in the previous test case, only a partial 

reconstruction of the objects could be generated according to the points of view able to be 

captured during shooting. This result would be a problem to be used on both visualization 

and simulation applications due to the difficulty in separating the objects from the noise.  
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Figure 20. On the top, the final point cloud of Test Case 304 using 123D Catch without texturing. On the bottom, the final 

dense reconstruction with a texturized model. Camera path appears in (a). 

 
Author: (SIMOES et al., 2012) 

4.4.2.2. VisualSFM 

This test case took approximately 20 minutes to be reconstructed, and the Bundler stage 

obtained around 4k points and the CMVS increased this number to 81k points (see Figure 

20). 
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Figure 21. Top image shows the result of Test Case 304 after the initial reconstruction stage using Bundler. On the 

bottom, the results after the final dense reconstruction stage using CMVS. Observe cameras trajectory in the camera path 

as almost a linear footage (a). 

 
Author: (SIMOES et al., 2012). 

The Bundler stage computed the points of the more central structures captured by the 

camera and some points of the noisy vegetation in the background were also included in the 

model, causing some difficulty to remove even with manual intervention. The CMVS added 

more points to the final reconstruction, as shown in Figure 21, but there was an error in the 

depth estimation of the algorithm in a way that some points pertaining to the sky, the clouds 

and the vegetation were merged to the models in the foreground. 

4.4.3. TEST CASE 328 
In this test case the object of interest, illustrated in Figure 22, is big, not only because its 

front size is that is 6 meters by 7 meters, but also relative to the distance to the camera. 

Such scenarios require a large baseline in order to have a suitable triangulation. This 

equipment could not be surrounded because of the proximity of other structures that made 

impossible the complete object capture. Another important characteristic is the planarity of 
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the object's surface that gives to a mesh generation tool an advantage over a dense 

reconstruction one. 

Figure 22. Test Case 328 representative frame. There were used 59 frames from the original footage. 

 
Author: (SIMOES et al., 2012). 

4.4.3.1. 123D Catch 

The tool generated a mesh with approximately 90k points in 15 minutes. Some noisy 

points from the vegetation and other structures are tracked and added to the model which 

creates some difficulty in identifying the depth between the objects on the point cloud (see 

Figure 23). In the texturized result it is possible to observe the visual coherence of the 

texture mapping that results in a useful model for front-parallel visualization. Because of the 

absence of coherent depth resulted from the front-parallel capture, this result is not suitable 

for model generation to be used in simulation applications even with manual intervention. 
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Figure 23. On the top, the final point cloud of Test Case 328 using 123D Catch without texturing. On the bottom, the final 

dense reconstruction with a texturized model. 

 
Author: (SIMOES et al., 2012). 

4.4.3.2. VisualSFM 

The total time to execute this test case was approximately 37 minutes. The initial stage 

returned around 10k points and the CMVS step reconstructed a point cloud of 

approximately 223k points. 

In this case, there is a large translation from the right to the left, trying to encompass a 

large quantity of information of the structures but, once again, some problems with this 

scenario arise. For instance, there is not enough space between the objects to enable a 

surrounding footage - which is more adequate to create a closed 3D model. Besides that, 

the scenario of an electrical substation lacks of an ideal equipment that allows to shoot it 

isolated from the other objects and from the external world, minimizing background 

influence. 

The Bundler stage reconstructed some points from the main objects and took some 

points of the noisy background as if they were from the model. The CMVS continued the 

process and added more points to the model and reconstructed various points from the sky 

and the background vegetation merged with the 3D object. By that, this reconstruction 
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could not be used in an electrical simulation application without much effort in a manual 

intervention in order to separate the interest model from the background. It also has a lack 

of completeness of the model to be used in visualization applications because even the 

dense reconstruction has a lot of empty regions, requiring a post processing step to close 

them. Figure 24 shows the results. 

4.4.4. TEST CASE 334 

In this test case, illustrated in Figure 25, it was possible to perform a 360° shooting 

around the equipment, leading to a very nice reconstructed model. Unfortunately this is not 

an interesting object from an electrical substation scenario point of view, because it is just a 

machine to pull electrical transformers. On the other hand, this is a good case to 

understand the power of 3D reconstruction from images when applied in adequate 

scenarios (available closed loop, non-occluded parts, textured object and planar elements 

for dense reconstruction). 
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Figure 24. Top image shows the result of Test Case 328 after the initial reconstruction stage using Bundler. On the 

bottom, the results after the final dense reconstruction stage using CMVS. Camera path on this footage is almost linear (a) 

and the sparse point cloud is highlighted (b). 

 
Author: (SIMOES et al., 2012). 

 

Figure 25. Test Case 334 representative frame. There were used 44 frames from the original footage that was a closed 

loop. 

 
Author: (SIMOES et al., 2012). 
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4.4.4.1. 123D Catch 

The 123D Catch tool used the selected 44 frames and generated a high density mesh 

(suitable for visualization and tracking) with approximately 155k points in 15 minutes. This 

result is the best generated model of the four test cases because of the scene characteristics 

as the object is textured and the scene shows few sun reflections. The floor is suitable for 

tracking algorithms like SIFT or KLT because of its non-repetitive highly texturized surface, 

although it could be confused as noise. In addition, the floor is a plane surface that 

contributes to the mesh generation, as can be seen in Figure 26. This result could require 

just a few refinements through manual intervention (i.e. separate object from ground) to be 

used in an electrical simulation application and it is as well adequate for visualization 

applications in virtual and augmented reality interfaces. 

Figure 26. On the top, the final point cloud of Test Case 334 using 123D Catch without texturing. On the bottom, the final 

dense reconstruction with a texturized model 

 
Author: (SIMOES et al., 2012) 

4.4.4.2. VisualSFM 

The approximate time of execution of this case was 10 minutes. The Bundler stage 

returned around 29k points, as can be seen in Figure 27 with the camera trajectory around 

the object correctly recovered, and the CMVS increased this number to 259k points. 
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Figure 27. Top image shows the result of Test Case 334 after the initial reconstruction stage using Bundler. On the 

bottom, the results after the final dense reconstruction stage using CMVS. Observe the camera loop around the object and 

the sparse point cloud in the center. 

 
Author: (SIMOES et al., 2012) 

As it can be noticed, the footage was performed around the object and the Bundler could 

get enough information to allow the dense reconstruction of the CMVS to work properly. 

Despite that, there are a lot of empty areas on the scene floor because the dense 

reconstruction algorithm does not use the information that the ground is a plane. With 

some improvements on the dense reconstruction generation, like the number of expansions 

in point generation, the resulting scene could be used properly in visual applications. Beyond 

that, the object is already well modeled for simulation and visualization applications due to 

its great amount of points (259k) that are very dense giving the impression to be a mesh 

(Figure 27). 



73 

 

 

 

4.5. SUMMARY 

This chapter provide an original analysis about 3D object reconstruction from images 

applied to electrical substations modeling from the perspective of scene and object 

characteristics that can be used for tracking, simulation and visualization application 

development. Apart from the great advances in recent years, there are still a lot of 

improvements that this kind of techniques requires in order to improve the quality of 

generated models. Some improvements made tackling urban scene modeling and cultural 

heritage applications could not be applied to this scenario because of some restrictions of 

the substation equipment, as the absence of great planarity on the equipment surfaces for 

plane sweeping. The capability of surrounding the objects of interest and separating from 

background and other close objects is still a challenge to overcome. In order to solve that, 

projective geometry relationships could be used based on the analysis made in this work 

about noise occurrence. 

Some specularity removal techniques could be used to identify possible problematic 

regions to tracking algorithms and could be incorporated as a filter mask to improve 

matching phase. Another possibility is to use texture segmentation to improve matching 

algorithms since the objects of interest do not occupy the entire scene and are known. 

Some improvements using parallel processing in GPUs could also be used to speed up some 

algorithms, for example the VisualSFM performance that takes over 30 minutes in some 

scenes. 

The usual available tools for 3D reconstruction from images are still not able to properly 

generate models of objects in an electrical substation scenario for simulation and tracking 

purposes because of its complexity. On the other hand, for visualization purposes the 

reconstruction from images is already the best solution available, being used as a 

complement to LIDAR techniques to capture textures. By all exposed, we believe that in a 

near future, 3D reconstruction from images could be used to achieve useful results for 

tracking and simulation applications in electrical substations. � 
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5. DEPTH ASSISTED RECTIFICATION OF 
PATCHES 

Wide baseline matching consists in computing correspondences from different images of 

a scene, even if they were taken under significantly different viewpoints (Figure 28). It is 

useful in several scenarios, such as object recognition, image retrieval, image stitching, 3D 

reconstruction, etc. In order to perform this task, local discriminative repeatable features 

are extracted from the images. Some of these features are only invariant to rotation, such as 

Harris corners (Harris; Stephens, 1988) and FAST (Rosten; Drummond, 2005), and scale 

invariance is often obtained by detecting features in scale space using an image pyramid. 

There are some features that are invariant to both rotation and scale, like local extrema of 

Difference of Gaussians (DoG) (LOWE, 2004). Some features are also invariant to affine 

transforms, such as affine regions (Tuytelaars; Mikolajczyk, 2007). Keypoint matching can 

then be performed by using local descriptors, which are high dimensional vectors that 

describe the neighborhood around the local feature, such as SIFT (LOWE, 2004). 

Descriptor matching is done by nearest neighbor search based on the distance between the 

high dimensional vectors. However, computing descriptors such as SIFT for a number of 

keypoints extracted from the images can be very time consuming. 

Real-time keypoint matching has applications in areas such as AR and robot vision. In 

order to achieve high frame rates, some efficient combinations of detectors and descriptors 

have been recently proposed, such as BRIEF (Calonder et al, 2012), ORB (RUBLEE et al., 

2011), FREAK (ALAHI; ORTIZ; VANDERGHEYNST, 2012) and DRINK (GADELHA; 

CARVALHO, 2014). 
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Figure 28. Keypoint matching using the DARP method with object at an oblique pose with respect to the viewing direction. 

 
Author: (LIMA et al., 2015). 

Nevertheless, many existing keypoint matchers fail on scenarios where objects have a 

very oblique pose with respect to the viewing direction and suffer from severe perspective 

distortions. In an attempt to obtain better results in such scenarios while still running in 

real-time, we collaborated with the work of (LIMA, 2014) in the development of a technique 

for object detection and tracking named Depth-Assisted Rectification of Patches 

(DARP)(LIMA et al., 2013). The technique provided rotation, scale and perspective invariant 

features based on a patch rectification approach. The DARP method is designed to make 
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use of RGB-D sensors, such as consumer devices like Microsoft Kinect, and exploit both 

image and depth data to improve feature detection and description. RGB-D sensors became 

in the last years a low cost consumer product of easy access to general users. The DARP 

technique uses the depth data provided by such sensors to estimate normals on the scene 

surface of 3D points that correspond to keypoints extracted from the RGB image. The 

depth data is also used together with the estimated normals to rectify patches around the 

keypoints with fixed size in camera coordinates. This contributes to remove perspective 

distortions caused by oblique poses and scale changes, and it shall be demonstrated that 

using the descriptors computed from the rectified patches for real-time keypoint matching 

can give improved results, such as the one depicted in Figure 28. 

This chapter is organized as follows. Section 5.1 presents works related to DARP and 

how it differs from them. Section 0 describes each step of the DARP technique. Section 5.3 

discusses the results obtained with DARP and presents qualitative and quantitative 

evaluations with respect to keypoint matching quality and runtime performance. 

Conclusions and future work are detailed in Section 0.  

5.1. RELATED WORK 

Since perspective deformations can be approximated by affine transformations for small 

areas, affine invariant local features can be used to generate normalized patches 

(MIKOLAJCZYK et al., 2005). On the other hand, DARP can use local features that are, a 

priori, not affine and scale invariant, performing a posteriori projective rectification of the 

patches. 

The ASIFT method (MOREL; YU, 2009) obtains a higher number of matches from 

perspectively distorted images by generating several affine transformed versions of both 

images and then finding correspondences between them using SIFT (LOWE, 2004). 

Alternatively, the DARP method is able to use solely the query and template images in 

order to match them. ASIFT also makes use of low-resolution versions of the affine 
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transformed images in order to accelerate keypoint matching. Only the affine transforms 

that provide more matches are used to compare the images in their original resolution. The 

DARP technique is able to work directly with high resolution images, without needing to 

decrease their quality to achieve real-time keypoint matching. 

In (KÖSER; KOCH, 2007), Maximally Stable Extremal Region (MSER) (MATAS et al., 

2004) features  are projectively rectified using Principal Component Analysis (PCA) and 

graphics hardware. However, it does not focus on real-time execution and it is designed to 

work with region detectors, while the DARP method works with keypoint detectors and 

computes rectified patches in real-time. 

Patch perspective rectification is also performed in (BIMBO; FRANCO; PERNICI, 2013; 

HINTERSTOISSER et al., 2009; PAGANI; STRICKER, 2009). These methods differ from 

DARP because they first estimate patch identity and coarse pose, and then refine the pose 

of the identified patch. In DARP, the patches are first rectified in order to allow estimating 

their identity. In addition, these methods need to previously generate warped versions of 

the patch for being able to compute its rectification, while DARP can rectify a patch without 

such constraint. 

The methods described in (EYJOLFSDOTTIR; TURK, 2011; KURZ, DANIEL 

BENHIMANE, 2012; WU et al., 2008; YANG et al., 2010) first projectively rectify the whole 

image and then detect invariant features on the normalized result, while the DARP method 

does the opposite. In addition, (WU et al., 2008) is designed for offline 3D reconstruction, 

(EYJOLFSDOTTIR; TURK, 2011; KURZ, DANIEL BENHIMANE, 2012; YANG et al., 2010) 

target only planar scenes and (DORNAIKA; OROZCO, 2007; KURZ, DANIEL 

BENHIMANE, 2012) require an inertial sensor. 

Concurrent with this research (MARCON et al., 2012) used an RGB-D sensor to 

perform patch rectification using PCA, followed by 2D Fourier-Mellin Transform for 

description. Nevertheless, the rectification algorithm applied is not clearly described, it is 
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not evaluated under a real-time keypoint matching scenario and only planar scenes are used 

in the experiments. 

 

 

 

 

Figure 29. DARP method overview. (a) Keypoints are detected using the RGB image. (b) Normal is estimated for each 

keypoint using the 3D point cloud computed from the depth image. (c) Patches are rectified using normal, RGB image and 

the 3D point cloud. (d) Orientation is estimated for each rectified patch. (e) A descriptor is computed for each oriented 

rectified patch. (f) Query keypoint descriptors are matched to template keypoint descriptors and a pose is estimated using 

the correspondences. 
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Author: (LIMA et al., 2015). 

5.2. DEPTH ASS I STED RECT IF ICATION OF PATCHES 

The overview of the DARP technique is illustrated in Figure 29. In DARP, keypoints are 

extracted and their normal vectors on the scene surface are estimated using the depth 
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image. Then, using depth and normal information, patches around the keypoints are rectified 

to a canonical view in order to remove perspective and scale distortions. For rotation 

invariance, the rectified patch orientation is computed using geometric moments. A 

descriptor for the rectified patch is computed using the assigned orientation. The query 

descriptors are matched with previously obtained template descriptors. Camera pose can 

then be estimated from the correspondences. Each step of the DARP method is detailed on 

the next subsections. 

5.2.1. KEYPOINT DETECTION 
Any keypoint detector can be used by DARP, such as Harris corners (HARRIS; 

STEPHENS, 1988), FAST-9 (ROSTEN; DRUMMOND, 2006) or DoG (LOWE, 2004). Since 

the patch around the keypoint is normalized a posteriori with respect to perspective 

distortions and scale, the detector does not have to be affine or scale invariant and the use 

of a scale pyramid for the input image is not mandatory. In the current implementation, the 

DARP method uses FAST-9, since it presents a good tradeoff between efficiency and quality. 

The keypoints are detected using the original scale of the input image, without employing a 

scale pyramid. An initial set of features is detected on the input image and then Q points 

with best Harris response are selected. It was used a value of Q � 230 in the conducted 

experiments. 

5.2.2. NORMAL ESTIMATION 
From the query depth image, a 3D point cloud in camera coordinates can be computed 

for the scene. Considering a 3D point |}~� � [S�, S�, S�]� in camera coordinates, its 2D 

projection � � [U�, U�, 1]� is given by: 

� � E��S� S�  6�⁄��S� S�⁄  6�1 H � E�� 0 6�0 �� 6�0 0 1 H<===>===?D
ES� S�⁄S� S�⁄1 H (12) 

where �� and �� are the focal length in terms of pixel dimensions in the M and N direction 

respectively, 6� and 6� are the coordinates of the principal point and % is known as the 
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intrinsic parameters matrix. Thus, rearranging the terms and considering S� � b, where b 

is the depth of �, the coordinates of |}~� can be obtained by: 

|}~� � L(U� − 6�) ∙ b ��⁄(U� − 6�) ∙ b ��⁄b P . (13) 

Using this point cloud, a normal vector can be estimated for a 3D point |}~� that 

corresponds to an extracted 2D keypoint via PCA. The centroid |�  of all neighbour 3D 

points |� within a radius of 3 cm of |}~� is computed. A covariance matrix is computed 

using |� and |� , and its eigenvectors {��, ��, ��} and corresponding eigenvalues {�, �F, �
} 
are computed and ordered in ascending order. The normal vector to the scene surface at |}~� is given by ��(BERKMANN; CAELLI, 1994). If needed, �� is flipped to point towards 

the viewing direction. Only the keypoints that have a valid normal are kept. 

5.2.3. PATCH RECTIFICATION 
The next step consists in using the available 3D information to rectify a patch around 

each keypoint in order to remove perspective deformations. In addition, a scale normalized 

representation of the patch is obtained. This is done by computing a homography that 

transfers the patch to a canonical view, as illustrated in Figure 30. Given n � (n�, n�, n�)� as 

the unit normal vector in camera coordinates at M���, which is the corresponding 3D point 

of a keypoint, two unit vectors n and nF that define a plane with normal n can be obtained 

by: 

�� � 1‖(Q� , 0, −Q�)�‖ ∙ (Q� , 0, −Q�)� (14) 

�� � � × �� (15) 

This is valid because it is assumed that n� and n� are not equal to zero at the same time, 

since in this case the normal would be perpendicular to the viewing direction and the patch 

would be not visible. 
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From M���, n and nF, it is possible to find the 3D corners M, …, M� of the patch in 

the camera coordinate system. The patch size in camera coordinates should be fixed in 

order to allow scale invariance. The 2D corners m, …, m� of the patch to be rectified in 

image coordinates are the projection of the 3D points M, …, M�, i.e., m� � KM�. If the 

patch size in image coordinates is too small, the rectified patch will suffer degradation in 

image resolution, harming its description. This size is influenced by the location of the 3D 

point M��� (e.g., if M��� is too far from the camera, the patch size will be small). It is also 

directly proportional to the patch size in camera coordinates, which is determined by a 

constant factor k applied to n and nF as follows: n′ � k ∙ n and nF′ � k ∙ nF. The factor k 

should be large enough to allow good scale invariance while being small enough to give 

distinctiveness to the patch. In the performed experiments, it was used k � �s/2 , where s 

is the size of the rectified patch (set to 31 in the experiments). 

Figure 30. Patch rectification overview. S, …, S�are computed fromSl¡x, Q' and QF'. An homography ¢ is computed 

from the projections U, …, U�and the canonical corners U', …, U�'. 

 
Author: (LIMA et al., 2015).  

The corners M, …, M� of the patch are given by: 

|� � |}~�  ��′  ��′, (16) |� � |}~�  ��′ − ��′, (17) |� � |}~� − ��′ − ��′, (18) |£ � |}~� − ��′  ��′. (19) 
The corresponding corners m′, …, m�′ of the patch in the canonical view are: 

 ��′ � (: − 1, 0)�, (20) 
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 ��′ � (: − 1, : − 1)�, (21) 
 ��′ � (0, : − 1)�, (22) 
 �£′ � (0, 0)�. (23) 

From m, …, m� and m′, …, m�′, it can be computed an homography H that takes 

points of the input image to points of the rectified patch. 

5.2.4. ORIENTATION ESTIMATION 
In order to achieve rotational invariance, patch orientation can be estimated based on 

the intensity centroid, which is computed from geometric moments (RUBLEE et al., 2011). 

Compared to gradient-based methods, the use of intensity centroid has the advantage of 

presenting a uniformly good orientation even under large image noise (RUBLEE et al., 2011), 

besides being fast to compute. 

5.2.5. PATCH DESCRIPTION 
The same way DARP can use any keypoint detector, it is also possible to have any patch 

descriptor such as SIFT (LOWE, 2004), SURF  or BRIEF (CALONDER et al., 2010). In the 

current implementation, the Rotation-Aware BRIEF (rBRIEF) was used due to its good 

performance and simple rotational invariance treatment (RUBLEE et al., 2011). The rBRIEF 

descriptor is based on binary tests over a smoothed patch, but with steered versions of the 

tests. Each steered pattern corresponds to a discretized rotation angle applied to the 

coordinates of the binary tests. A lookup table of the steered patterns is created to speed 

up the matching process. In addition, a learning approach is used in order to obtain a good 

set of binary tests. At runtime, the steered version to be used for generating the descriptor 

is chosen based on the assigned orientation of the patch. DARP used 30 distinct angles for 

the discretization. 

5.2.6. DESCRIPTOR MATCHING AND POSE ESTIMATION 
For descriptor matching, a nearest neighbour search is performed in order to find the 

corresponding template descriptor for each query descriptor. In the tests performed, a 

brute force search with Hamming distance was applied, where matches with a distance 

greater than 50 are discarded.  
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Regarding pose estimation, if the objects present on the scene are planar, homography 

estimation can be used to compute their pose. If the scene is non-planar, a PQP method can 

be applied. In the performed experiment, planar object poses were computed using 

homography estimation with the Direct Linear Transformation (DLT) method (HARTLEY; 

ZISSERMAN, 2004), while non-planar object poses were estimated using the EPQP method 

(MORENO-NOGUER; LEPETIT; FUA, 2007). In both cases, the RANSAC algorithm was 

applied for outliers removal (BOLLES; FISCHLER, 1981). 

5.3. EXPERIMENTS 

In order to evaluate DARP, the publicly available Technische Universität München’s 

RGBD Datasets (GOSSOW; WEIKERSDORFER; BEETZ, 2012) were used, which have 1280M960 images. In addition, 320M240 and 640M480 image sequences were captured 

using the Asus Xtion PRO LIVE and the Microsoft Kinect for Xbox 360 sensors, 

respectively. Synthetic RGB-D images with a resolution of 1280M960 were also generated. 

The results obtained when using SIFT (LOWE, 2004), ORB (RUBLEE et al., 2011) and 

DAFT (GOSSOW; WEIKERSDORFER; BEETZ, 2012) methods are compared with the 

results obtained when using these methods together with DARP. Keypoint detection, 

orientation assignment and patch description are performed in a similar way when each 

method is used with or without DARP. While SIFT and ORB are based only on RGB data, 

the DAFT method uses both RGB and depth information. 

In the ORB+DARP scenario, the FAST-9 method is used for keypoint detection 

(ROSTEN, 2006), but the keypoints are detected on the original scale of the input image, 

without employing a scale pyramid, since FAST-9 does not use it and scale changes are 

inherently handled using the patch rectification process. As in ORB, an initial set of features 

is detected on the input image and then $n$ points with best Harris response are selected. 

For ORB+DARP it was used a value of Q � 230 for 640M480 images and Q � 918 for 1280M960 images in the conducted experiments. ORB uses an image pyramid with 5 levels 
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and a scale factor of 1.2 between consecutive levels in order to obtain scale invariance. 

When handling 640M480 images, ORB extracts 631 keypoints per image pyramid, 

distributed in the levels in ascending order as follows: 230, 160, 111, 77 and 53 keypoints. 

When handling 1280M960 images, ORB extracts 2517 keypoints per image pyramid, 

distributed in the levels in ascending order as follows: 918, 637, 442, 307 and 213 keypoints. 

In summary, ORB extracts more keypoints than ORB+DARP, but both approaches handle 

the same keypoints from the original scale of the input image. ORB and ORB+DARP both 

use the intensity centroid method for orientation assignment and the rBRIEF patch 

descriptor (RUBLEE et al., 2011). 

The DAFT+DARP scenario also uses the same methods that DAFT applies for keypoint 

detection, orientation assignment and patch description, which are a version of the DoG 

detector that uses depth data (GOSSOW; WEIKERSDORFER; BEETZ, 2012), Haar wavelet 

responses orientation histogram (BAY et al., 2008a) and the SURF descriptor (BAY et al., 

2008b), respectively. In this case, the keypoint detector needs a depth normalized image 

pyramid. 

Descriptor matching is performed with a nearest neighbor search. For the SIFT and SURF 

descriptors, a k-d tree is used for obtaining the two nearest neighbors based on the 

Euclidean distance. Then a heuristic is applied to reject spurious matches, where a 

correspondence is discarded if the ratio between the distances of the closest and the 

second-closest neighbor is less than a threshold (LOWE, 2004). In the experiments 

performed, this threshold was set to 0.7. For the rBRIEF descriptor, a brute force search 

with Hamming distance was applied, where matches with a distance greater than 50 are 

discarded. Pose estimation is performed using the same procedures for all the evaluated 

scenarios, as described in 5.2.6. 

5.3.1. QUALITATIVE EVALUATION 

In these experiments, the value of the A parameter for patch size in camera coordinates 

was empirically set to �: 2⁄  , where : is the size of the rectified patch, as mentioned in 5.2.3. 
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Initially the tests were done with planar objects. It is shown in Figure 31 and Author: (LIMA 

et al., 2015).  the matches between two 640M480 images of a planar object. The 2D points 

that belong to the object model transformed by the homographies computed from the 

matches are shown inFigure 32. It can be noted that the ORB+DARP method provides 

better results than ORB when the object has an oblique pose with respect to the viewing 

direction. The matches obtained with ORB led to a wrong pose, while it was possible to 

estimate a reasonable pose using ORB+DARP, as evidenced by the transformed model 

points (Figure 33). The scale invariance limit of DARP was also evaluated, as depicted in 

Figure 34 and Figure 35. It was noted that the DARP method was able to cope with a 

relative scale change factor of up to 2.5. 

In the SIFT+DARP scenario, the same algorithms employed by SIFT for keypoint detection, 

orientation assignment and patch description are used, which are the DoG detector, the 

gradient orientation histogram method and the SIFT descriptor, respectively (LOWE, 2004). 

It should be noted that the DoG detector requires an image pyramid for keypoint detection. 

Figure 31. Planar object keypoint matching using ORB finds 10 matches but only 8 are correct. 

 
Author: (LIMA et al., 2015). 
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Figure 32. Planar object pose estimation using ORB+DARP. 

 
Author: (LIMA et al., 2015).  

 

Figure 33. Planar object keypoint matching using ORB (left) and ORB+DARP (right). 

 
Author: (LIMA et al., 2015). 

 

Figure 34. Scale invariant keypoint matching example using ORB+DARP where 11 matches are found. 

 
Author: (LIMA et al., 2015). 
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Figure 35. Scale invariant pose estimation example using ORB+DARP. 

 
Author: (LIMA et al., 2015). 

After, some tests were done with 640M480 images of non-planar objects with a smooth 

surface. In this case, Figure 36 illustrates the projection of a 3D point cloud model of the 

object using the pose computed from the matches found by ORB+DARP shown in Figure 

37. ORB+DARP also obtained better results than ORB in the oblique pose scenario, since 

ORB+DARP provided matches that allowed computing the object pose, while ORB did not 

find any valid matches, as can be seen in Figure 38. 

Figure 36. Non-planar smooth object keypoint matching using ORB finds 0 matches. 

 
Author: (LIMA et al., 2015). 
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Figure 37. Non-planar smooth object keypoint matching using ORB+DARP finds 14 matches. 

 
Author: (LIMA et al., 2015). 

Figure 38. Non-planar smooth object pose estimation using ORB+DARP. 

 
Author: (LIMA et al., 2015). 

Some experiments were also performed with 320M240 images of non-planar objects 

with a non-smooth surface. The depth image obtained for such kind of object often contains 

“holes” caused by inter-occlusions between parts of the object, as can be seen in Figure 39 

left. In order to obtain better results, the template depth image was enhanced with the help 

of Kinect Fusion (NEWCOMBE et al., 2011). In order to do this, it was needed to capture a 

sequence of depth images of the object taken from different views. The resulting depth 

image is illustrated in Figure 39 right. 
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Figure 39. Original depth map (left) and depth map obtained using Kinect Fusion (right). 

 
Author: (LIMA et al., 2015). 

In some cases, such as the one depicted in Figure 40, ORB+DARP is able to correctly 

perform keypoint matching and pose estimation in the non-planar non-smooth surface 

scenario. Nevertheless, there are times where ORB succeeds (Figure 41 and Figure 44) and 

ORB+DARP fails (Figure 43) when dealing with non-planar non-smooth objects. This can be 

explained by the fact that non-smooth objects may not have well defined normals along 

their entire surface, which may harm patch rectification. 

Figure 40. . Success case of non-planar non-smooth object keypoint matching using ORB+DARP, where 42 matches are 

found. 

 
Author: (LIMA et al., 2015). 

Figure 41. Success case of non-planar non-smooth object pose estimation using ORB+DARP. 
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Author: (LIMA et al., 2015). 

Figure 42. Success case of non-planar non-smooth object keypoint matching using ORB, where 47 matches are found. 

 
Author: (LIMA et al., 2015). 

Figure 43. Failure case of non-planar non-smooth object keypoint matching using ORB+DARP, where 5 matches are found. 

 
Author: (LIMA et al., 2015). 

Figure 44. Non-planar non-smooth object pose estimation is successful when ORB is used (left), while it fails when 

ORB+DARP is used (right). 

 
Author: (LIMA et al., 2015). 

 

5.3.2. QUANTITATIVE EVALUATION 
Keypoint matching quality was evaluated by measuring the correctness of the poses 

estimated from the matches. The first evaluation was done with a database of 2560 synthetic 

RGB-D images of a planar object (a cereal box) under different viewpoints on a cluttered 

background. Some frames from the generated synthetic dataset are depicted in Figure 45. In 
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order to generate these images, the object was placed on the origin of a spherical 

coordinate system whose equatorial plane coincides with the MO plane of the object 

coordinate system, as illustrated in Figure 46. The camera always looks at the origin of the 

coordinate system and a pose can be defined by a latitude §, a longitude �, a camera roll ¨ 

and a distance b to the origin (which relates to object scale). When generating the dataset, 

viewpoints with a given degree change � are obtained by considering 8 different (§, �) 

combinations: (−�, −�), (−�, 0), (−�, �), (0, −�), (0, �), (�, −�), (�, 0) 3Qb (�, �). The 

poses were under a degree change range of [10°, 80°] with a 10° step, a camera roll range 

of [0°, 360°]  with a 45°  step and a scale range of [1.0,1.8] with a 0.2 step. Summing up, 8 

different degree changes (each one with 8 combinations of § and �), 8 different camera roll 

angles and 5 different scales were used, totalizing 2560 different poses. 
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Figure 45. Images from the cereal box synthetic RGB-D dataset, where the viewpoint change is shown below the 

respective image. 
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Author: (LIMA et al., 2015). 
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As in (HOLZER et al., 2009), the metric used in the evaluation was the percentage of 

correct poses estimated by each method. In many works (e.g. (UCHIYAMA; MARCHAND, 

2011)) it is considered that a correspondence is an inlier when its reprojection error is less 

than 3 pixels. Due to this, a pose was considered as correct only if the root-mean-square 

(RMS) reprojection error was below 3 pixels. The A parameter was the same used in the 

qualitative evaluation. In larger viewpoint changes it can be seen that SIFT+DARP, 

DAFT+DARP and ORB+DARP outperformed SIFT, DAFT and ORB, respectively, as shown 

in Figure 47. 

Figure 46. Spherical coordinate system used for generating the synthetic dataset. 

 
Author: (LIMA et al., 2015). 
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Figure 47. Percentage of correct poses with respect to viewpoint change of the evaluated approaches with the cereal box 

synthetic RGB-D database. 

 
Author: (LIMA et al., 2015). 

The RGB-D datasets from Technische Universität München (GOSSOW; WEIKERSDORFER; 

BEETZ, 2012) were also used to quantitatively evaluate the different methods regarding 

pose estimation quality. Some frames from these datasets are shown in Figure 48. 
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Figure 48. Images from the Technische Universität München’s RGBD Datasets(GOSSOW; WEIKERSDORFER; BEETZ, 

2012), where the dataset name is shown below the respective image. 

 
Author: (LIMA et al., 2015). 

The poster and world map datasets were used in separate, since they have several images 

under different rotations, scales and viewpoints. The remaining datasets (frosties and 

granada), which have fewer images, were evaluated all together under the label others. In 

these experiments, the A parameter was empirically set to ((b �⁄ )  1)�: 2⁄  , where b is 

the average distance between the target object and the camera (which was set to 2 meters), 
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� is the focal length and : is the size of the rectified patch (see 5.2.3).  Figure 49 shows that 

results obtained with SIFT+DARP, DAFT+DARP and ORB+DARP are better than the ones 

obtained with SIFT, DAFT and ORB, respectively. 

Figure 49. Percentage of correct poses with respect to viewpoint change of the evaluated approaches with The Technische 

Universität München’s RGBD Datasets (GOSSOW; WEIKERSDORFER; BEETZ, 2012). 

 
Author: (LIMA et al., 2015). 

 

5.3.3. PERFORMANCE ANALYSIS 
The performance analysis of a non-optimized version of the DARP method used RGB-D 

images with a resolution of 640M480 pixels. Table 1 presents the average time and the 

percentage of time required by each step of ORB and ORB+DARP, which are the fastest 

approaches among the evaluated ones. It shows that the ORB+DARP method runs at ~29 

fps and its most time demanding step is the normal estimation phase, which takes almost 

50% of all processing time. The patch rectification step also heavily contributes to the final 

processing time. ORB takes more time than ORB+DARP for keypoint detection and patch 

description, since it uses an image pyramid and extracts a higher number of keypoints. ORB 

estimates patch orientation in a faster manner than ORB+DARP because it makes use of 

integral images in this step. ORB+DARP could be optimized to perform orientation 
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estimation in the same way, but it would not represent a significant performance gain, as this 

step takes less than 1% of total processing time. 

Table 1 Average computation time and percentage for each step of ORB and ORB+DARP methods when handling 640M480 RGB-D images. 

 ORB ORB+DARP 

 ms % ms % 
Keypoint detection 21.90 80.63 4.96 14.25 
Normal estimation – – 17.24 49.52 
Patch rectification – – 9.64 27.69 

Orientation estimation 0.14 0.53 0.18 0.51 
Patch description 5.12 18.84 2.80 8.03 

Total 27.16 100.00 34.82 100.00 
Author: (LIMA et al., 2015). 

5.4. SUMMARY 

The DARP method exploits depth information to improve keypoint matching. 

The contributions of this chapter are: (1) patch rectification method that uses depth 

information to obtain a perspective and scale invariant representation of keypoints; (2) 

qualitative and quantitative evaluation of the technique, showing that it is suitable to both 

planar and non-planar scenes and provides good results in oblique poses; (3) runtime 

analysis of the method, which shows that it runs in real-time. 
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6. LEARNING BASED 3D TRACKING 
FROM GRADIENT BOOSTING TREES 

Recovering the 3D pose of objects in real-time based on images is a key problem in 

Computer Vision. When the problem goes to complex objects, composed by specular 

materials and/or with lack of features, it gets even more challenging. Traditional techniques 

such as (DRUMMOND; CIPOLLA, 2002; LOWE, 2004; VACCHETTI; LEPETIT; FUA, 2006) 

try to solve this problem by using a pre-acquired model of the object, relying on texture or 

edge features extracted from it. These approaches are particularly well-suited for the task 

when the model of the object is known. Unfortunately, as discussed in previous chapters, 

the model acquisition represents an important and often necessary step for such techniques, 

since the model is not available in the first place. When dealing with complex objects it can 

be harder to automatically recover a reliable model even with state-of-the-art techniques 

based on images or different sensors, and consolidated approaches as laser scanning are 

often too expensive.  

On the other hand, regression techniques have the advantage to find a relationship 

between images properties and the estimated parameters in a more direct way (KAZEMI; 

JOSEPHINE, 2014; REN et al., 2014; TAN; ILIC, 2014). These supervised learning based 

techniques do not need a pre-acquired 3D geometric model of the object and are based on 

a training set of samples, where each sample is composed by one image and its known 

corresponding parameters. Using these correspondences the tracker learns in the training 

phase how to predict the parameters and during the tracking phase it is able to correctly 

recover its parameters, as shown in Figure 50. 
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Figure 50. In (a) there is a bad tracking result (computed pose in green/red and ground truth in green/yellow are 

misaligned) and in (b) there is a correct tracking result using Gradient Boosting Trees. 

 
Author: Francisco Simões. 

In this work we employ Gradient Boosting Trees or simply GBTs (FRIEDMAN, 2001), a 

well-known technique for linear regression problems, to learn a prediction model for 

tracking. It can be defined as an ensemble of weak prediction models that act together as a 

strong regressor, usually implemented as a decision tree. In our approach we use a cascade 

of trees where each node is a weak learner based on image gradients. By this we expect to 

recover the 3D pose information for planar and non-planar objects in a fast and precise way. 

In the great majority of techniques, GBTs use a piecewise constant approach to predict 

the parameters (TAN; ILIC, 2014). In our proposed technique we also intend to increase 

the power of GBTs for tracking by replacing its piecewise constant behavior by a new 

complementary approach with traditional 3D tracking approaches like edge-based and/or 

intensity-based tracking, resulting in much more accurate piecewise linear functions. We 

intend to achieve this by replacing the behavior on the leaves and/or in the nodes of the 

decision trees to take into account edges or intensity properties of the samples.  

Finally, we demonstrate our results in order to analyze different aspects of the technique. 

Based on real cases we are going to understand if the new piecewise linear approach can 

improve the tracking based on the prediction error for textureless objects (we focused on 

the new edge approach). In order to verify the quality of the tracking we also implemented a 

recent tracker (TAN; ILIC, 2014) that has a close approach to ours and are going to 

compare the two techniques to identify improving points to address. 
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Our new GBT approach can open new possibilities to model-less complex object 

tracking and it is a “warm” area of research with many papers directly related to our 

approach published in the last few years (REN et al., 2014; TAN; ILIC, 2014) and others.  

6.1. RELATED WORK 

Template based techniques, also known as image alignment techniques, are the most 

common approach to solve tracking problems. In its original proposition, a tracker (LUCAS; 

KANADE, 1981) aligns a pre-acquired planar template with the current image by minimizing 

their difference. Generally this problem is solved with a gradient descent approach based on 

an intensity function. In (BAKER; MATTHEWS, 2002), gradient descent methods are 

discussed regarding different aspects as the warp update rule (additive, compositional, 

inverse additive and inverse compositional) or the minimization algorithm used (Levemberg-

Marquardt, Gauss-Newton and others). 

Instead of using a gradient descent approach, some authors solve this problem with linear 

regression, in which the tracker is called Linear Predictor and the techniques are called 

Active Appearance Models (HINTERSTOISSER et al., 2008; JURIE; DHOME, 2002; KALAL; 

MIKOLAJCZYK; MATAS, 2011; TAN; ILIC, 2014). By using linear regression, it is possible 

to solve tracking problems from a supervised learning point of view, where the pose or 

features updates are directly inferred from the image properties (features) in a least-squares 

sense. Thus, it is possible to transfer the computational effort from the tracking phase 

(online) to the training phase (offline), allowing faster (REN et al., 2014) and more robust 

techniques (JURIE; DHOME, 2002).  

When it comes to tracking, linear predictors are extremely versatile. They can be applied 

not just in recursive tracking (JURIE; DHOME, 2002; TAN; ILIC, 2014) but also together in a 

tracking by detection bundle (KALAL; MIKOLAJCZYK; MATAS, 2011; VIOLA; JONES, 

2004) by using a sliding window (VIOLA; JONES, 2004) or a feature detector (REN et al., 

2014). As discussed in chapter 3, tracking by detection techniques can be used to track 
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without knowledge about previous frame, being used for both (re)initialization and tracking. 

They can also deal with large datasets and different appearances being applied to problems 

like face tracking (VIOLA; JONES, 2004)(REN et al., 2014), where different faces with 

different characteristics can be tracked by the same predictor. 

Linear predictors have also the ability to deal with different feature functions. (JURIE; 

DHOME, 2002) use a function based on image intensities difference, just like traditional 

template matching. (HINTERSTOISSER et al., 2009) learn the patch rectification of the 

features for SLAM while (HOLZER et al., 2009) use distance transform images to find 

contours and use them as feature. (REN et al., 2014) learn the shape of a face and also the 

features position inside the shape. Due to these properties, (TAN; ILIC, 2014) propose a 

“chameleon” tracker by defining a simple way of changing between functions. In this work, 

the authors showed two different functions, one using intensities difference and another 

with depth data from RGB-D sensors that fit the same framework. 

Recently, there has been also linear predictors that can adapt themselves in real-time by 

using new information from the tracked scene (HURYCH; SVOBODA, 2010; KALAL; 

MIKOLAJCZYK; MATAS, 2011). These approaches can deal with illumination changes and 

dynamic scenes without the need for a new offline training phase. They are usually less 

precise than pre-trained techniques for short-term tracking but are far more robust when 

used for long-term tracking. 

6.2. GRADIENT BOOST ING TREES FOR TRACKING  

We address the problem of recovering the pose parameters of the object by directly 

deriving the pose from its grayscale image   ∈ [0,1]. Depending on the application, the 

object pose could be retrieved based on a 2D planar object or a 3D one by the translation 

and rotation with 6 degrees of freedom:  B � [G�, G�, G� , �¯ , �° , �±]. Another possible 

parametrization is proposed in (TAN; ILIC, 2014) and uses the 4 corners [(M!, N!), (M, N), (MF, NF), (M
, N
)] of a planar template to derive an homography or pose. 
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This is possible by the use of a regression algorithm based on GBTs that learns from a 

training set of known pairs ² � {(!, M!), . . . (T, MT)}TK!³ , the non-linear relationship between 

the image I� and its corresponding parameter set MT .  
A GBTs structure is a stage-wise method that builds a tree structure where each tree 

can be seen as a fixed-size decision tree and behaves as a strong regressor. Each tree is then 

capable of computing the prediction of a value from a query sample. During its training 

phase, it uses the known pairs in ² to learn the GBTs structure that is going to be used in 

the online phase. The GBTs structure navigates through the decision trees in a cascade 

fashion, in which the current tree is used to refine the prediction of earlier stages trees. 

This means that after computing each tree, the same computed tree is applied to update all 

the samples predictions before the next tree estimation. Algorithm 1 describes this 

procedure. 

The general idea of a GBTs is to be a regressor µ that minimizes a loss function ¶: 

¶(µ(·), ·) � (µ(·) − ·)�(µ(·) −  ·) (24) 

where µ(·) is the vector of predicted values of the samples and · is the vector of known 

values of the samples, which in our case can be the pose parameters or features positions. 

Note that each decision tree acts as a strong regressor and the cascade behavior of the 

trees gives the GBT more robustness and liability. 

The TrainTree algorithm is a recursive function that takes current depth, maximum depth 

and training
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Algorithm 1. Training tree structure procedure. 

 
Author: Francisco Simões. 

samples named as ¸, ¹ and ², respectively. At each node U, a weak classifier º, usually called 

weak learner, is chosen to minimize the loss function ¶x. By applying this classifier, the 

training samples are then divided into left and right sets and are used to update the 

predictions µ(·). In the end, samples in left and right are applied to train a left sub-tree and 

right sub-tree, respectively. In Figure 51 it is possible to see the tree diagram. 

Figure 51. Decision tree in GBTs algorithm. At each node an indicator function º is computed to split the samples into left 

and right sub-trees and a » parameter is used to update the predictions according to equation (18). Note that in the leaves 

there are just » parameters indicating a piecewise constant behavior. 

 
Author: Francisco Simões. 

The computation of the weak learner h plays a key role in a GBT as it is responsible to 

split the samples in the sub-trees. GBTs allow the use of various non-linear embedding 

algorithms, parameterized by the chosen weak learner family. In this work a response 

function to a Gradient Map is applied so that it behaves as a simple image descriptor that 

can measure similarity between images. 
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The Gradient Map (½x¡¾) of an image  is computed in a chosen direction bV_. This way, 

it is necessary to compute the first order derivative of image in both x and y 

directions (�, �). The ½x¡¾ is defined as the image descriptor by following: 

� � 2VÁÂ ; ∀ V ∈ {0,1. . Â − 1} (25) 

½ÅT4 � 67:(�)�    :VQ(�)� (26) 

½x¡¾_ÅT4 � 6�U:�U(6�U:�U(½ÅT4Ç)) (27) 

where the orientation bV_ that ranges between [−π, π] is quantized to take values θ with N 

number of quantization bins (in this work we used 8), ½ÅT4Ç contains only the positive 

elements of ½ÅT4 and 6�U:�U is the cumulative sum of elements. Following the notation of 

Gradient Map, our weak learners are defined as: 

º kGÌÍÎÏm � Ð 1−1    §�, bV_(") < §�, bV_("F)78º;_RV:;.  (28) 

where GÌÍÎÏ is the Gradient Map of sample j; R defines a block (rectangle) with width RÓ 

and height RÔ; p � (x, y) and pF � (xF, yF) are two points in image I; and §R, bV_(p) 

defines the gradient energy along direction bV_ in block R positioned at point p. 

Therefore §�, bV_(") is defined as (see Figure 51): 

§�, bV_(")  �  ½x¡¾_ÅT4["�  �#, "�  �$] −  ½x¡¾_ÅT4["�  �#, "� ]
−  ½x¡¾_ÅT4["�, "�  �$]   ½x¡¾_ÅT4["�, "�] (29) 
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Figure 52. Weak learner based on Gradient Map. 

 
Author: M. Rad and V. Lepetit, Augmented Reality for Virtual Watch, Technical Report, EPFL, 2012. 

As mentioned in the definition of the weak learner, it requires to choose a direction bV_, 

two random points p and pF, the size of R and it also depends on the training samples. 

Because of this, choosing a proper weak learner (Algorithm 2) has direct influence on the 

result and  
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Algorithm 2. Compute best h function. Note that Γ is the vector of residuals. 

 
Author: Francisco Simões. 

increasing the number of tries for h that minimizes ¶x can improve the result.  

After the classification by the weak learner h, every sample prediction in the node U is 

updated by the regressor µx in the form:  

µx(·) ← µxØ(·)  »x. ºx(·) (30) 

»x  �  3_`UVQ(¶xØ(µ(·), ·) (31) 

Note that the » parameter is the difference between a known value and its prediction, 

which means it should be initialized on the root of the first tree, when there is no predictor 

yet. In this thesis it is done by computing the mean of values ·. An important part of the 

gradient boosting method is regularization by shrinkage, which consists in modifying the 

update rule as follows: 
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µx(·) ← µxØ(·)  Ù. »x. ºx(·) (32) 

where parameter 0 < Ù ≤  1 is called the learning rate parameter. Empirically it has been 

found that using small learning rates (Ù ≤ 0.1) leads to improvements in model 

generalization but makes the GBT slower in both training and querying phases because it 

needs more iterations to work (FRIEDMAN, 2001). Algorithm 3 summarizes the complete 

Simple Train Tree function. 

6.1. IMPROV ING GRADIENT BOOST ING TREES 

In a usual GBTs approach, prediction is done by applying a γ� parameter to every node m 

of the tree, computed as the mean of residuals (loss function) that reached the node. By 

that, the parameter works as a predictor based on the space partition executed by the h 

function. This behavior can be observed on lines {14,16} of Algorithm 3 (TrainTreeSimple) 

and in equation (32).

Algorithm 3. Typical train tree algorithm.  
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Author: Francisco Simões. 

In this thesis we also propose a new method to improve the prediction in the partitioned 

sets by applying traditional tracking techniques concepts as a linear regressor. By this, we 

add two new terms to the tree nodes as a complement to the » parameter. The new tree 

structure can be seen in Figure 53. 

Figure 53. Improved GBT by using a linear predictor derived from traditional tracking techniques. 

 
Author: Francisco Simões. 

Inspired by the linear predictor of (JURIE; DHOME, 2002), we propose one edge and one 

intensity based linear predictor (both described in the next subsections) that can change the 

piecewise constant function of equation (32) to a piecewise linear function in the form: 

µx(·)  �  a µxT (·)c
TK  (33) 

where: 

µxT (·) � Û µxØT (·)  Ù. »x. ºx(·)Ù. kbT(µxTØ(·)m . ÜT). ºx(·)  if V � 178º;_RV:;. (34) 

In these equations, Ù is the learning rate, Q is the number of predictors at every node, b 

is a distance function computed with an edge or intensity tracker and Ü is a Linear Predictor 

of the tracking approach. This equation can be interpreted as a set of linear predictors that 

is able to minimize the residuals Γ recursively, improving the GBT prediction. On the first 
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step, the prediction is computed the same way as in the proposed standard GBTs approach 

by using the mean of the samples »x chosen by the ºx function. In the following stages of  

Algorithm 4. Complete Train Tree algorithm.

 
Author: Francisco Simões. 

recursion, prediction is updated according to the LP (Linear Predictor) applied to the 

same samples defined by the ºx function. Based on the use of the LP, the final train tree 

algorithm can be seen in Algorithm 4 (TrainTree). The differences between Algorithm 3 and 

Algorithm 4 are related to the µ function update. After spliting the set ² in ²ßàáâ and ²ã�äÔâ, 
it updates the predictions recursively as discussed in equation (34). It is important to say 
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that this impacts both in the prediction quality of the node U, as well in the quality of all the 

following sub-trees º function computation. The \7U"�8VQ`G_36AVQ` virtual function is 

implemented as either an Intensity Based LP or as an Edge Based LP, discussed in the next 

Subsections. 

6.1.1. INTENSITY BASED APPROACH 
Jurie and Dhome (JURIE; DHOME, 2002) propose a linear regressor that computes the 

warp parameters of a Lucas-Kanade tracker (LUCAS; KANADE, 1981) directly from the 

intensity difference between the template and the image. It substitutes the Jacobian matrix 

usage in the default technique by an hyperplane approximation that is represented by the 

linear regressor Ü in the form: 

åæ(8  ç) �  Ü(8  ç). å�(8  ç) (35) 

where 8 − ç means the relative time between a known position (template) in 8 and the new 

one (image) at 8  ç, åæ is the warp parameters difference and å� is the difference (pixels 

intensities) between an image region from the template and the correspondent region in the 

tracked image. The Ü predictor is computed by simulating a group of transforms in warp 

parameters around a known position to learn the relationship between these small changes åæ and the changes in the images å� so that each of the warp parameters is approximated 

by one hyperplane (lines of the matrix). After having the Ü matrix, it is possible to compute 

the warp parameters that get from the template to the image by directly applying Ü to the å�, which is faster and can lead to better results than usual Jacobian approaches. 

In our approach the LP is responsible for approximating the relationship between pixels 

intensities difference and Γ residuals. In this formulation, instead of finding the warp 

parameters to transform the template in the image, the LP is going to minimize the residual 

used to compute final predictions in µ(·), which means to find a better prediction of the 

analyzed sample that minimizes residual Γ � µ(·) − ·. 
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As in GBT a set of samples reaches each node, including the leaves; the º parameter of 

the tree can be interpreted as a clustering algorithm. Because of this, it is possible to 

consider the samples ² that reached the node as the group of simulations performed in the 

original technique. As discussed in the aforementioned section, different LPs are computed 

for every node of the three. 

The first step of the proposed Linear Predictor is to find a representative point or set of 

points in the image that can be used to analyze image similarity. It chooses a random point " � ("�, "�) in which the pixels of the template and the samples are going to be compared. 

By this, the next step is to define the reference value for the template intensity, computed in 

this technique as the median of the values in " position of the training samples that reached 

the node. This approach looks similar to the " point selection for the º function. 

Once defined the coordinates of the reference point and its intensity, all the samples at 

the node are compared to the defined intensity generating the vector of differences b(²). 

Analogous to equation (35), the linear predictor Ü is computed as:  

Ü � 3_`UVQ(¶èJ) (36) 

¶èJ(Γ, b) � kb(²). Ü�x¾ − Γ(²)mF
 (37) 

where Γ is the predictions residual, b(²) is the intensities difference vector and Ü is the 

linear predictor matrix. 

Each LP is computed according to Algorithm 5. It is important to observe that to 

improve robustness the Linear Predictor model fitting is executed more than once, keeping 

the track parameters and Ü matrix that minimizes the loss function ¶èJ. 
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Algorithm 5. Compute Texture Tracking Correction Term.

 
Author: Francisco Simões. 

6.1.2. EDGE BASED APPROACH 
Following the same concept of the intensity based approach, it is possible to improve 

GBT by using image edges information. Because of the use of edges, it is possible to improve 

the results when tracking texture-less objects, which are more difficult to handle by 

intensity based techniques. Since the objects can have a well-defined contour, using the 

edges can also be positive with highly-textured objects.  

In this technique we propose to use an edge distance function to replace the intensity 

difference function of (36). This way, the linear predictor Ü is also learned at every node m 

of each tree to describe the influence of its similarity function b(²) in the residual é of the 

samples. Matrix Ü is also computed as the 3_`UVQ(¶èJ), but with a new edge function as 

the distance b(²). 

Traditionally, edge based techniques match the projection of edge's points of a 3D model 

with edge's points from the query image (DRUMMOND; CIPOLLA, 2002). In the proposed 
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regression based tracker, the 3D model of the object is not known, which gives the 

technique the advantage of not requiring model pre-acquisition. By so, the edge distance 

function cannot be defined in relation to a known 3D model edge.  

Figure 54. In (a) it is possible to see the random choice of the virtual edge ]j  where p defines the point and bV_ defines 

the normal direction to search for a correspondence. In (b) it is possible to see the equation (26) that finds the highest 

gradient point that is closer to the point p in direction bV_ or −bV_. 

 
Author: Francisco Simões. 

To solve this problem, we propose to use the distance from a fixed point and the highest 

gradient point that is close to it in a specified direction bV_. The idea is similar to traditional 

edge based tracking in the sense of searching for points with high gradient along the edge ]u 

normal, but we optimize for the edge position so that the predictor finds the edge point and 

normal direction that minimizes ¶èJ. In Figure 54 (a) it is possible to see the used bins for 

possible edges normal direction and possible point position. 

As described in Figure 54 (b), the " point and search direction bV_ are used to find the 

closest edge point on the image. This can be written as:  

eu  � 3_`UVQ(ΔÅT4(eu , "�yx¾)) (38) 

where eu is the highest gradient point of the image that is close to point "�yx¾ in direction 

bV_. Note that the Δ function is the equivalent to a traditional edge based distance function 

(DRUMMOND; CIPOLLA, 2002). In our approach, the point is searched over the defined 

direction and over its opposite direction, assuming positive values when found on the 

defined bV_ and negative values otherwise. 

The complete ComputeEdgeTrackingCorrectionTerm can be found in Algorithm 6. 
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Algorithm 6. Compute Edge Tracking Correction Term. 

 
Author: Francisco Simões. 

6.2. EXPERIMENTS 

The GBT technique proposed in this work is evaluated using both textured (often used in 

AR applications because they are easier to track), poorly textured (intermediate) and 

textureless objects (more complex objects due to their lack of features).  

For the textured object (test set1) it is used an image of an oil painting from a Russian–

Israeli modern impressionistic artist called Leonid Afremov. This pattern was also used in 

the evaluation of the technique proposed by David Tan in (TAN; ILIC, 2014) which is also 

based on a learning approach and was applied to textured patterns. The pattern can be seen 

in Figure 55. 
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Figure 55. Textured pattern used in our experiments. 

 
Author: Francisco Simões. 

As a poorly textured object (test set2) it is used a colored map of Brazil (Figure 56), 

which is interesting for (TAN; ILIC, 2014) since it relies on intensities and also has well-

defined edges which are suitable for the edge based improvement. 

Figure 56. Poorly textured pattern used in our experiments. 

 
Author: Francisco Simões. 

In order to understand the edge capability with even poorer textured objects, a black 

and white version of the map of Brazil (test set3) is used since it would be difficult for 

intensity based approaches and can be solved by an edge based approach. This map can be 

seen in Figure 57. 
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Figure 57. Textureless pattern used in our experiments. 

 
Author: Francisco Simões. 

For all test cases the patterns images were printed and videos were captured for 

tracking. All videos had 640x480 pixels, fixed and known intrinsic parameters and the first 

image of the sequence was used to define the template to be tracked with the size of 

250x250 pixels. All the images for training and tracking were converted to gray scale. The 

parameters to be recovered during tracking were the 4 corners of the template as discussed 

in Section 6.2, resulting in 8 parameters to be estimated (x and y for all 4 points) as in 

(TAN; ILIC, 2014). 

During the training phase it was generated a test set of 50,000 images (samples) based on 

the template extracted from the first frame. To generate these samples, random translations 

of [-35,35] pixels are applied in each coordinate of each corner of the template 

independently and an homography is applied to the image. Because of this approach the 

system is capable of simulating translations, rotations, scaling and other types of transforms 

during training. Some training images can be seen in Figure 58.  

During the training data generation, we also pre-computing the necessary information for 

training to speed-up the training phase. For each image it is stored 8 integral images of their 

gradients (8 direction bins) and its corner’s parameters B �  [(x_0, y_0 ), (x_1, y_1 ), (x_2, y_2 ), (x_3, y_3 )]. For the complete GBTs technique with 

the edge tracker, it is also stored the “distance transform” for all points, as defined in 
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section 6.1.2 for each sample. It was used 20 as the maximum distance to considerate a high 

gradient point as the edge point in the Euclidean space. 

Figure 58. Examples of random transforms applied to the template image for generating the training dataset.   

 
Author: Francisco Simões. 

In order to allow the training/tracking phase to use more data and be faster to analyze so 

we can increase the amount of tries for "_bV_ and the number of Q edge terms a grid 

scheme as showed in Figure 59 was implemented. When using the new grid approach the 

system just looks to compute points for º or for edge from the sampled grid (11x11 or 

16x16, for example) and does not need to compute them for the full template resolution 

(250x250).  

Figure 59. Grid examples for pre-compute distances to edges and gradient directions. In (a) there is an 11x11 grid and in 

(b)  a 16x16 grid. 

 
Author: Francisco Simões. 

By these improvements it is possible to save memory and computation time during 

training and tracking maintaining the template information. We also developed the training 

code to use parallel functions to optimize tree generation and make the tests faster.  
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After generating the training set some possibilities for the GBTs structure were tested. 

The first one was the simpleGBTs structure detailed in Algorithm 3 (hereafter called as 

simpleGBTs). This version was compared with the complete training Tree approach 

described in Algorithm 4 for the edge tracker (called GBTsEdge). During the development 

of this method it was also implemented a recent tracker, proposed by (TAN; ILIC, 2014). By 

this it was also possible to compare these two learning based approaches. 

The current version of the system and the (TAN; ILIC, 2014) approach were both 

implemented in Matlab (MATHWORKS, 2013) for both training and tracking systems. The 

hardware used during the training and tracking phases was a desktop with a multi-core Intel 

i7-5930 @ 3.50GHz processor and 64GB RAM to deal with the amount of data in memory 

and with parallel processing to speed up some instances during the training phase.  

6.2.1. QUALITATIVE RESULTS 
The three test cases were analyzed regarding qualitative and quantitative aspects. In this 

section the quality of the tracking is discussed. The parameters used in the test cases are 

described in Table 2. It is important to note that these are the most promising 

configurations over all tests made so far.  

Table 2. Parameters for implementation.  

Parameter Description Value 

#TreeStructures 

Number of parameters to be 

estimated in tracking (each parameter 

is estimated by one GBT structure) 

8 

#Samples 
Number of images generated for 

training 
50.000 

#Tree Depth Maximum depth of trees 20 

#Trees 
Number of trees in each GBT 

structure 
50 

#tries_h 
Number of tries to find the best 

positions at each node to split the set 
50 
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#tries_p_dir 

(Edge term) 

Number of tries to find the best 

position and direction at each edge 

term computation (just for GBTsEdge) 

50 

#n points 
Number of edge points in each edge 

term (just for GBTsEdge) 
50 

#v_Nb 
Number of edge terms in each node 

(just for GBTsEdge) 
8 

#Minimum 

samples 

Minimum amount of samples in each 

node to allow a new split (if samples is 

below this value, a leaf was reached) 

50 

#Grid size 
Number of point of the template to 

consider during training and tracking 
25x25 

Ù Shrinkage parameter 0.1 

The first thing to mention is the edge extraction process. In order to find the distance to 

the highest gradient point in the search range (20 in our case), it is necessary to execute 

some steps: 

1 – Apply a Gaussian noise in the image to salient the edges and reduce noise; 

2 – Convolve the image with the mask [−1,  1] in � and � to extract gradient points; 

3 – Combine � and � according to the direction (bin) during the execution as equation 

(26); 

4 – Look for the correspondence and keep the highest gradient point according to 

section 6.1.2. 

This process generates the edges distances as can be seen for a reduced grid in Figure 60.  
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Figure 60. Corresponding distance (red for negative distance values and blue for positive ones) to the highest gradient 

point for each point sampled from the template (green). Negative values happen when the match is done in the oposite 

direction to the current searching direction. In (a) the search direction is east and in (b) the search direction is northeast. 

 
Author: Francisco Simões. 

The 25x25 used template can be seen over test sets images in Figure 61. By using the grid 

approach improvement and parallel functions, it is possible to save memory and 

computation time during training and tracking. GBTs training time decreased from 5 days to 

less than 1 day.  

In Figure 62, Figure 63 and Figure 64 it is possible to see some frames with results for the 

first sequence (textured oil painting) using simpleGBTs. Figure 62 shows the beginning of the 

tracking sequence. Figure 63 shows a heavy occlusion situation and the method robustness 

against it. This is due to the fact that the tracking phase is repeated 15 iterations and the 

parameter’s update uses just 20% of the estimated pose at each iteration as in (TAN; ILIC, 

a 

b 
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2014). In Figure 64 the method fails under another heavy occlusion situation and stops 

working at frame 280. The failure in this figure probably arises from the homography 

computation failure originated from the high occlusion. After this error it is not possible for 

the algorithm to recover properly. 

In Figure 65 it is possible to see that the GBTsEdge was not able to significantly improve 

the results over the simpleGBTs. Both the simpleGBTs and the GBTsEdge had unstable 

results (jitter) and a comparable precision since the edge information is noisy due to the 

highly textured characteristic of the scene. Both trackers were not able to track the full 

sequence and stopped in the second heavy occlusion situation at frame 280. While the 

simpleGBTs took about 12 hours to be trained, the GBTsEdge approach needed 36 hours 

impacting on technique development time (it requires too much time to deliver the results). 

During tracking the completeGBTs had a greater computational cost because it needs to 

compute more information (edges distances, for example) in addition to the integral image 

used from simpleGBTs. 

In Figure 66 it is possible to see the results of the technique proposed by (TAN; ILIC, 

2014) for the test set1. As expected it achieves a better result than the simpleGBTs and the 

GBTsEdge being able to track the whole sequence. As it uses the intensity based ideas from 

(JURIE; DHOME, 2002) it is more suitable for a highly textured object.  
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Figure 61. Template over test sets 1, 2 and 3 first images. 

 
Author: Francisco Simões. 
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Figure 62.Tracking results using simpleGBTs approach. Red lines represent tracker results. Green circles show problems in 

parameter’s estimation. These frames are equally spaced from 1  to 111. 

 
Author: Francisco Simões. 
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Figure 63.Tracking result using simpleGBTs approach under heavy occlusion. It is able to recover from a bad pose. These 

frames are equally spaced from the 250 to 266. 

 
Author: Francisco Simões. 

 

Figure 64.Tracking result using simpleGBTs approach under heavy occlusion. These frames are equaly spaced from 273 to 

279. Tracking failure at frame 279. 

 
Author: Francisco Simões. 
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Figure 65.Tracking results using GBTsEdge approach. Red lines represent tracker results. Green circles show problems in 

parameter’s estimation. These frames are equally spaced from 1  to 111. It has comparable results to simpleGBTs from 

Figure 62, deals with the same occlusion from Figure 63 and fails in frame 280 as in Figure 64. 

 
Author: Francisco Simões. 
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Figure 66.Tracking results using (TAN; ILIC, 2014) approach. Red lines represent tracker results. Our implementation of 

(TAN; ILIC, 2014) is comparable to their and maintains tracking until the last frame of the sequence (605). Note that it is 

robust to heavy occlusion as the hand from 175 to 179 and is robust to a pencil over the template in a perspective 

transform from 444 to 454. 

 
Author: Francisco Simões. 
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The test set 2 represents a poorly textured scene. As expected the simpleGBTs 

technique is able to track it but with some errors because of the ambiguity in the gradients 

direction over the images. See Figure 671 . 

The GBTsEdge result that can be seen in Figure 68 shows a precise and stable tracking 

achieved by the usage of its piecewise linear function described in section 6.1.2. Based on 

the edge information it just shows unstable behavior under occlusion of its parts as (TAN; 

ILIC, 2014) in the textured scenario.  

In Figure 69 it is possible to observe the instability derived from the absence of texture 

information, leading to instability of the (Tan & Ilic 2014) tracker. However, even with the 

lack of texture information the technique is still able to track the object in the whole 

sequence. 
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Figure 67.Tracking results using simpleGBTs approach. Red lines represent tracker results. Green circles show problems in 

parameter’s estimation. These frames are equally spaced from 1  to 111. 

 
Author: Francisco Simões. 
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Figure 68. Tracking results using GBTsEdge approach. Red lines represent tracker results. These frames are equally spaced 

from 1  to 111. It is possible to see that the tracker is stable and just shows small problems when the template is not on 

the image (occlusion). The piecewise linear approach from the edge term is able to improve the results and to have a 

precision comparable to (TAN; ILIC, 2014) achieved with a textured object in Figure 66 

 
Author: Francisco Simões. 
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Figure 69. Tracking results using (Tan e Ilic, 2014) approach. Red lines represent tracker results. Green circles show 

problems in parameter’s estimation. These frames are equally spaced from 1  to 111. This technique is suitable for 

textured objects and relies on intensities. It is capable to track the map but with a large error in almost all frames of the 

sequence. 

 
Author: Francisco Simões. 

Test set 3 is composed by a textureless map (black and white) what makes it difficult for 

texture based techniques. It is suitable for edge based techniques like GBTsEdge and is used 

to show the full potential of the piecewise linear function applied. In Figure 70 it is possible 

to see the performance of the simpleGBTs technique using its piecewise constant function. 

This result shows errors during the tracking that can be avoided by the GBTsEdge approach 

as shown in Figure 71.  
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The GBTsEdge approach is able to maintain the tracking stable in all frames of the 

sequence, even with challenging situations as fast movement that generates motion blur 

(Figure 72), heavy occlusion (Figure 73) and shadows that change illumination in a non-

uniform way (Figure 74). In Figure 75 it is possible to see that the approach proposed by 

(TAN; ILIC, 2014) faces difficulties in the absence of intensity information in a textureless 

scenario. It fails even with the small movement shown. 

Figure 70.  Tracking results using simpleGBTs approach. Red lines represent tracker results. Green circles show problems 

in parameter’s estimation. These frames are equally spaced from 1  to 111. 

 
Author: Francisco Simões. 
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Figure 71. Tracking results using GBTsEdge approach. Red lines represent tracker results. These frames are equally spaced 

from 1  to 111. It is possible to see that the tracker is stable. The piecewise linear approach from the edge term is able to 

improve the results and to have a precision comparable to (TAN; ILIC, 2014) achieved with a textured object in Figure 66. 

 
Author: Francisco Simões. 
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Figure 72 Tracking results using GBTsEdge approach being robust to fast movement (blurred intermediate frames). Frames 

ranging from 359 to 364. It is possible to see that the tracker is stable. 

 
Author: Francisco Simões. 

 

Figure 73. Tracking results using GBTsEdge approach being robust to heavy occlusion. Frames ranging from 707 to 716. It 

is possible to see that the tracker is stable and recovers properly. 

 
Author: Francisco Simões. 
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Figure 74. Tracking results using GBTsEdge approach being robust to shadows over the images. Frames ranging from 476 

to 488. 

 
Author: Francisco Simões. 
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Figure 75. Tracking results using (TAN; ILIC, 2014) approach. Red lines represent tracker results. Green circles show 

problems in parameter’s estimation. These frames are equally spaced from 1  to 111. This technique is suitable for 

textured objects and relies on intensities. It is not capable to track a black and white map and fails even with a small 

movemment. 

 
Author: Francisco Simões. 

6.2.2. QUANTITATIVE RESULTS 
The first aspect to be analyzed is the error over the trees generation during training. This 

error can explain the structure capability to fit the training data and it is a good indication 

that the structure is going to be able to recover the parameter during tracking. A traditional 

problem in machine learning approaches is overfitting when the function is so optimized for 
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the training data that it is not capable to recover the correct parameter during tracking. 

None of the functions showed an overfitting behavior. 

Figure 76 shows the residual error for the trees generation (first 10 trees) during training 

of test set 1 (textured pattern). It is possible to observe that the simpleGBTs has a slower 

convergence while the GBTsEdge 

rapidly converges to a residual error close to 0 (the 3rd tree is close to 0). 

Figure 76. Residual error during training for test set 1 (textured pattern) for both the simpleGBTs and for GBTsEdge. 

 
Author: Francisco Simões.  

 

Figure 77. Residual error during training for test set 3 (textureless pattern) for both the simpleGBTs and for GBTsEdge. 

 
Author: Francisco Simões. 

The same behavior observed in Figure 76 can be seen in Figure 77, even with a 

textureless object which showed to be more precise with the GBTsEdge approach in the 

qualitative analysis. 
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Another important aspect is the relationship between the amount of edge points (n 

points parameter) and the tracking result. Also the number of edge terms (v_Nb parameter) 

can influence the convergence ratio during training. In Figure 78 it is possible to see that the 

more points used in the edge the faster is the convergence and the same applies for the 

number of edge terms. It is important to point out that with just 2 edge terms and/or 10 

points it was not possible to recover the parameters properly during the tracking phase (in 

qualitative results we needed 50 edge points and 8 edge terms). 

Figure 78. Residual error during training for test set 3 (textureless pattern) for the GBTsEdge with 10 edge points and 2 

edge terms per node (green), GBTsEdge with 50 edge points and 2 edge terms per node (red), and GBTsEdge with 50 

edge points and 8 edge terms per node (blue).   

 
Author: Francisco Simões. 

In order to understand the GBTsEdge limits regarding pure transforms we developed a 

framework to easily test translation, in-plane rotation, scale, out-of-plane rotation and 

occlusion transforms. For this, one image receives sequential synthetic transforms and the 

tracker tries at each frame to realize the tracking based on the position of the first frame to 

stress how far it can be and still be able to be tracked.  

Based on this framework,  Figure 79 shows the translation robustness of the GBTsEdge 

tracker in test set 3. The first problematic frame appears when translation reaches 58 pixels. 

Figure 80 shows the in-plane rotation error that remains robust before 28 degrees. These 

values are compatible to what (TAN; ILIC, 2014) showed for their tracker in textured 

objects at CVPR 2014. 
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Figure 79 Tracking error regarding translation values over X coordinate. After 58 pixels the tracker is not able to properly 

recover the parameters. The red line indicates acceptable 3 pixels RMS error. 

 
Author: Francisco Simões. 

 

Figure 80. Tracking error regarding in-plane rotation values. After 28 degress the tracker is not able to properly recover 

the parameters. The red line indicates acceptable 3 pixels RMS error. 

 
Author: Francisco Simões. 

6.2.3. PERFORMANCE RESULTS 
As discussed before, the training phase is an important step for technique’s development 

since it limits the amount of tests that can be done to analyze different parameters 

configurations. For the simpleGBTs approach the training time can reach 8 hours. For the 

GBTsEdge it can easily take 2 days for training because of the number of edge terms 

because they are applied at each node of each tree (50 tries and a linear system solved for 

each term). This result can be seen as an advance because of the usage of the grid on the 

template and parallel functions in Matlab. Before them, the training time reached the scale of 

more than 5 days. 
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Other important aspect is the amount of data preprocessed to speed-up the training. 

Our implementation uses at least 18GB of RAM memory during training. 

The tracking time is the most important metric for this type of technique to be applied in 

Augmented Reality applications. Unfortunately it still deserves a smart implementation in 

C++ or similar language to be able to reach real-time performance. In Matlab code, without 

optimizations it takes 30 seconds/frame during tracking. As the great effort in learning 

techniques is done in training, the tracking phase has a great potential to reach real-time 

performance. 

The simpleGBTs profile can be seen in Figure 81 and the GBTsEdge profile can be seen in 

Figure 82. It is important to notice that the slowest function in simpleGBTs is the template 

update function (computes also the integral image and gradient transforms) and for the 

GBTsEdge is the edges distance computation. 

Figure 81.Profiler for simpleGBTs that shows that the slowest process is to update the template position at the 

computeHomography function.   

 
Author: Francisco Simões. 
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Figure 82. Profiler for GBTsEdge that shows the huge time consumed by the non-optimized distances computation.   

 
Author: Francisco Simões. 

 

6.3. SUMMARY 

This chapter presented a new approach for tracking using GBTs that is optimized for 

textureless or poorly textured objects. This new approach can increase the power of GBTs 

by using a new piecewise linear function (based on edges and/or intensities) instead of a 

traditional piecewise constant approach during the prediction step to achieve more precise 

results. 

So far the results are concrete, there is still a huge amount of possibilities, requiring 

more tests and investigation to find an optimized configuration for the technique. In (TAN; 

ILIC, 2014) they use a different regressor and deal with both planar and 3D depth-based 

tracking. In future works it is important to investigate their results and compare them to 

our approach in order to improve our technique with different types of scenes.  
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7. FINAL CONSIDERATIONS  
During this PhD thesis development we made a long journey through the area of tracking 

for AR. From an academic point of view, it was possible to develop, analyze and discuss 

many aspects related to tracking techniques that guided us during this search for relevance. 

Discussing different problems like camera calibration routines or how to evaluate a tracker, 

this PhD thesis can be used as a roadmap for tracking development. 

From a technical point of view it was possible to implement diverse solutions related to 

AR. We also implemented some tracking techniques to understand the problems 

(GORDON; LOWE, 2006; RUBLEE et al., 2011; TAN; ILIC, 2014) we were going to face. 

Some of these problems we had time to tackle during these years of research (integrated 

3D tracker for industrial environments proposition and validation, matching improvement 

using an RGB-D sensor and textureless tracking improvement using a learning based 

approach). 

Our thesis contributions are detailed in the next section and the upcoming steps 

foreseen for this thesis are drawn in sequence. 

7.1. GENERAL CONTRIBUT ION 

The contributions of this PhD thesis are as follows: 

• Implementation, integration and validation of a tracking system based on well-known 

techniques; 

• An analysis about available techniques to automatically generate 3D models, which are 

widely used by traditional model based tracking techniques, considering the energy 

sector substation scenario as case study; 

• Two tracking techniques to handle known problems in tracking for AR (lack of model, 

lack of features, preprocessing complexity, difficulties with the model generation, 

matching robustness, time consumption): 
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o A tracking technique that can be used with textured planar and non-planar 

objects and improves tracking performance by using depth information, called 

DARP; 

o A new supervised learning tracking technique based on Gradient Tree Boosting 

that is able to deal with textured and non-textured objects. 

7.2. ACADEMIC CONTRIBUT ION 

The publications and awards related to this thesis are summarized in sequence. 

7.2.1. ACADEMIC CO-ADVISORY WORK (UNDERGRADUATE COURSE CONCLUSION MONOGRAPH) 

(MIHIRA; TEICHRIEB, 2011): MIHIRA, B.; TEICHRIEB, V. Otimização de uma técnica de 
filtro de partículas para rastreamento baseado em textura. [s.l.] Universidade Federal 
de Pernambuco., 2011. 

(LUCENA; TEICHRIEB, 2013):  LUCENA, T.; TEICHRIEB, V. Uma técnica de realidade 
aumentada sem marcadores baseada em arestas com filtro de partículas. [s.l.] Universidade 
Federal de Pernambuco, 2013. 

(MENEZES; TEICHRIEB, 2013): MENEZES, M.; TEICHRIEB, V. Aprimoramento da etapa 
de casamento de uma técnica de rastreamento baseado em arestas. [s.l.] Universidade 
Federal de Pernambuco., 2013. 

 

7.2.2. CONFERENCE PAPERS 

(BARBOSA et al., 2011): BARBOSA, J. et al. Towards an evaluation methodology for digital 
music instruments considering performer ’ s view : a case study13th SBCM - Brazilian 
Symposium on Computer Music. Anais...2011. 

(SIMOES et al., 2012): SIMOES, F. et al. Challenges in 3D Reconstruction from Images for 
Difficult Large-Scale Objects: A Study on the Modeling of Electrical Substations2012 
14th Symposium on Virtual and Augmented Reality. Anais...IEEE, May 2012. 

(SIMOES et al., 2013): SIMOES, F. P. M. et al. 3D Tracking in Industrial Scenarios: A Case 
Study at the ISMAR Tracking Competition2013 XV Symposium on Virtual and 
Augmented Reality. Anais...IEEE, May 2013. 

(ROBERTO et al., 2013a): ROBERTO, R. A. et al. A Dynamic Blocks Platform Based on 
Projective Augmented Reality and Tangible Interfaces for Educational Activities2013 
XV Symposium on Virtual and Augmented Reality. Anais...IEEE, May 2013 

(LIMA et al., 2013): LIMA, J. et al. Depth-Assisted Rectification of Patches Using RGB-D 
Consumer Devices to Improve Real-Time Keypoint MatchingInt. Conf. on Computer 
Vision Theory and Applications (Visapp). Anais...SciTePress, 2013. 
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7.2.3. JOURNAL PAPERS 
(FIGUEIREDO et al., 2012a): FIGUEIREDO, L. et al. Interação Natural a partir de 

Rastreamento de Mãos. Tendências e Técnicas em Realidade Virtual e Aumentada, v. 1, 
p. 125–158, 2012 

(ROBERTO et al., 2013a): ROBERTO, R. et al. A Dynamic Blocks Platform Based on 
Projective Augmented Reality and Tangible Interfaces for Educational Activities. SBC 
Journal on 3D Interactive Systems, v. 4, n. Special Issue of the XV Symposium on 
Virtual and Augmented Reality, p. 8–18, 2013. 

(LIMA et al., 2015): LIMA, J. et al. Depth-assisted rectification for real-time object 
detection and pose estimation. Machine Vision and Applications, v. 27, n. 2, p. 193–219, 12 
Feb. 2016.  

 

7.2.4. SHORT COURSES 

(FIGUEIREDO et al., 2012b): FIGUEIREDO, L.; SIMÕES, F.; et al. Interação Natural a partir 
de Rastreamento de Mãos, 2012. 

(LINS et al., 2014): LINS, C. et al. Development of Interactive Applications for Google 
Glass, 2014.  

 

7.2.5. AWARDS 

Best Paper Award  

Best paper in the applications category of the SVR 2013 with the paper (ROBERTO et al., 

2013b). 

Contest Award 

3rd place at the Layar Creation Challenge 2011 with the application Food2You (prize: U$ 

7,500.00). 

3rd place at the Volkswagen Tracking Challenge 2014 in the category: Tracking with High 

Accuracy. 

1st place at the ISMAR Tracking Competition 2015 in the category: level 3, off-site 

category. 

7.3. FUTURE WORK 

It is necessary to have a deeper analysis about the restrictions of the GBTs approach and 

the performance of the method. A new C/C++ implementation must be developed in order 

to achieve real-time performance. 
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Different approaches can be experimented to deal with even more complex objects like 

metallic high specular pieces. One first thing is to implement an adaptive method to 

automatically change between the amount and maybe type of information in the Trees. This 

way it can be possible to get better results in more dynamic or complex scenes. 
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