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ABSTRACT

Computer Vision is a subfield within artificial intelligence that includes
methods for acquisition, processing, analysis and understanding of ima-
ges to get results in numerical or symbolic form. The information provi-
ded by the results is used tomake decisions.Wedo not speak of Computer
Vision in isolation, interaction with other fields is inevitable and deserve
particular attention image processing, pattern recognition and Machine Lear-
ning.

The main objective of this project is to analyze the behavior of visual
feature extraction algorithms and their effectiveness in decision making.
The detection of an object in an image, its classification and recognition
are the type of decisions that are studied.

Feature extraction algorithms are applied to attempt multi-view object
recognition. To tackle this problem a new approach is proposed. This ap-
proach creates a graph-based representation of the object using cluster
analysis recursively. The nodes of the graph represent the main physical
components that make up the object. Support Vector Machines (SVMs) are
used to classify the nodes, thus classes are classified independently. Fi-
nally, the graph-based representation of the object is exploited to drop
the assumption of independence and find relations between classes using
Structured Output-Support Vector Machines (SO-SVMs).

iii





ABSTRAKT

Datorseende är ett delområde inom artificiell intelligens som innehåller
metoder för förvärv, bildbehandling, analys och förståelse av bilder för att
få resultat i numerisk eller symbolisk form. Informationen som resultatet
ger används för att fatta beslut. Vi kan inte tala om visioner i isolering,
samspel med andra områden är oundviklig och förtjänar särskild upp-
märksamhet bildbehandling, mönsterigenkänning och maskininlärning.

Huvudsyftet med detta projekt är att analysera beteendet hos visue-
lla algoritmers särdragsextraktion och deras effektivitet i beslutsfattande.
Upptäckten av ett objekt i en bild, dess klassificering och erkännande är
den typ av beslut som studeras.

Algoritmers särdragsextraktion tillämpas för att försöka erkänna ob-
jekts mång-vy. För att tackla detta problem har ett nytt tillvägagångssätt fö-
reslgits. Detta tillvägagångssätt skapar en grafbaserad representation av
objektet med hjälp av rekursiv klusteranalys. Noderna i grafen represen-
terar de viktigaste fysiska komponenterna i objektet. Support VectorMachi-
nes (SVMs) används för att klassificera noderna, dessa klasser klassifice-
ras självständigt. Slutligen, grafbaserad representation av objekt utnyttjas
för att släppa antagandet om oberoende och hitta relationer mellan klas-
ser genom att använda Structured Output - Support Vector Machines (SO-
SVMs).
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1
INTRODUCTION

In this project report some of the algorithms for detection and descrip-
tion of visual features in images are analyzed. These features are used in
applications related to Computer Vision 1 to detect, classify or recognize
objects in images.

This project report is organized as follows. First, Chapter 1 introdu-
ces the reader within the context of this project, Computer Vision, and dis-
cuss some of its possible applications. It also motivates the selection of
the project topic and describes the project statement and used tools. The
theoretical background upon which the method proposed in this project
is based is reviewed in Chapter 2. In Chapter 3 some approaches to sol-
ve the multi-view object recognition problem are briefly explained and a
new approach is proposed. The experiments and results are discussed in
Chapter 4. Finally, the conclusions and some extensions are left for Chap-
ter 5.

This chapter begins with some existing applications that make use of
Computer Vision. The generic statement of the problem to be addressed
and the activities to be carried out are explained below. Finally, this chap-
ter concludes with a brief description of the tools used in this project.

1.1. Context

Computer vision (CV) aims to reproduce some of the capabilities of
the human visual system in order to provide to machines the ability to
see, recognize and interpret images [1] [2]. For humans the eye is without
doubt one of the most important senses and is being increasingly exploi-
ted, within its limitations, for various computer systems. To emphasize
the importance of computer vision, not only in the academic field but al-
so in everyday life, some applications that make use of the discoveries

1Subfield of artificial intelligence that aims to program a computer to understand a
scene or features in an image.
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2 CHAPTER 1. INTRODUCTION

and advances made by various researchers in the field are classified wit-
hin their main topic in [3]. A basic introduction to some of the mentioned
applications are explained below.

A) Medicine
The basic goal of computer vision in this area is the processing and
analysis of images, detecting patterns and sometimes doing 3D re-
construction, to facilitate and assist the correct diagnosis by the spe-
cialists. Common applications include automatic detection and cha-
racterization of tumors, analysis of digital mammographies or hyper-
spectral image analysis to extract the composition of the elements con-
tained in an image. Also it is used in more complex surgery as an aid;
for example, estimating the motion of the surface of the brain.

Figure 1.1: Brain segmentation in CT images. Images captu-
red with a CT scanner which generates a two-dimensional
image of a section pertaining to a three dimensional object.
The colors representation are: red for low intensity bones,
green for brainmatter and blue for fluids. The original image
and the result of applying different methods of image seg-
mentation are shown. Image taken from Soft segmentation of
CT brain data [4].

B) Security systems
In this area there are numerous applications. There exist many sys-
tems to control the access to restricted areas, automatically detecting
intruders by analysing the images recorded by a video camera. Addi-
tionally, there are systems that not only detect intruders but may also

MASTER THESIS



1.1. CONTEXT 3

identify his face comparing it with those stored in a database. There
are systems that can detect abandoned objects or strangers, usually
inside buildings [5].

The previously mentioned systems are considered as large scale secu-
rity software but there are also non-large security software, for exam-
ple to restrict access to computers or mobile devices.

C) Game industry

This is a key sector and has contributed significantly to the develop-
ment of computer vision. Examples of its use are the Kinect device,
developed by Microsoft R©, and the Eye Toy device, developed by Play
Station R©, for gesture recognition. In the new generation of video ga-
me consoles the researchers focus lot of their effort to improve player-
console interaction with such devices. The analysis of the gaze, eye
tracking, is incorporated to estimate the locations of the screen towhich
the players are paying more attention to, for example, help to point to
one target in shooting games [6] [7]. A relatively new company that is
dedicated to the analysis of the gaze is Tobii R© 2.

D) Robotics

In the process of developing a robot, one of themost complicated goals
to achieve is to interpret the world around them through the informa-
tion from their environment [8]. This information can be captured by
various devices such as sensors or video cameras, and can be used to
locate/recognize objects or even monitoring them.

E) Visual shopping

This field is under development and involves taking a photo of a pro-
duct in a store, search in internet for information about this product or
similar products and thus compare their features, quality and price.
An innovative company in this sector is OculusAI R© 3, with its visual
shopping mobile application Productify R©.

F) Automatic code reading and object recognition

The use of bar codes and QR codes 4 is very common to detect and
recognize objects (i.e. airport tickets or products in supermarkets). It
2Link Tobii: http://www.tobii.com/
3Link OculusAI: http://oculusai.com/
4QR code is the name of a trademark for a special type of two-dimensional bar code.

BERNARD HERNÁNDEZ PÉREZ
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4 CHAPTER 1. INTRODUCTION

also helps to collect statistics and information (i.e. metro users or per-
sonal information scanning ID cards or passports). Furthermore object
recognition aims to find an identify objects in an image or video ba-
sed on their properties (i.e. shape, features, pose, ...) as human beings.
This task is still a challenge for computer vision systems.

Figure 1.2: Result obtained when labelling 3D complex sce-
nes. In the first row the 3D scene reconstruction are shown
and in the second row their elements are labelled. The ob-
jects are coloured by their categories: bowl in red, cap in
green, cereals box in blue, coffee cup in yellow and the can of
soda in cyan. Image taken fromDetection-based object labelling
in 3D scenes [9].

The above are just some examples of applications and companies en-
gaged in research and development of systems based on computer vision.
For more information, see the list 5 of companies developing computer vi-
sion products categorized by their main area of application.

1.2. Motivation

Nowadays, all electronic devices (i.e. mobile phones or tablets) have
an integrated camera. This feature can be exploited by the users in many
ways. One is the so called "visual shopping" which main idea is to snap
pictures of products, recognize matches against a database and suggest
similar products to the user. This recognition problem can be extended

5Link List: http://www.cs.ubc.ca/~lowe/vision.html
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1.3. PROJECT STATEMENT 5

to many areas such as robotics, statistics recollection or game industry
among others.

It is desirable to recognize the product more or less regardless of the
position in which the picture was taken. As is said ”An image worth more
than thousand words", but not all the images are equally important/useful
for this purpose. For a given picture, the features captured and their re-
levance vary between different views, and these variations lead common
recognition algorithms to fail. This enhancement would improve the pro-
duct recognition both quantitative and qualitative and consequently the
user experience. This is awide and very challenging problem so a gradual
process will be carried on in this thesis.

1.3. Project Statement

The subject of thisMSc thesis project is to investigate, compare and im-
plement one or more existing approaches to enhance themulti-view object
recognition performance and potentially propose new ideas. Furthermore,
the methods will be adapted and evaluated in real objects, presumably
multi-view shoe recognition. The main reasons to use shoes for recogni-
tion are:

The shoes have multiple canonical views. Some of them are more
representative than others, allowing a thorough analysis of the rele-
vance within the views.

The shoes contain visual features that will facilitate their classifica-
tion or recognition. The visual features are the elements that make
up the shoe.

Find images of shoes in internet is relatively easy. In particular, it is
important to find images with different canonical views of the same
object.

Preliminarily, partial experiments and results to verify the correct im-
plementation of the software are analyzed. Those experiments are related
to necessary partial goals which are explained below. The partial goals
will help to achieve the main goal; that is, object recognition and classifi-
cation.

BERNARD HERNÁNDEZ PÉREZ



6 CHAPTER 1. INTRODUCTION

A) Feature extraction

In this process the points of interest, also known as keypoints, to tackle
image object recognition are detected. For each keypoint the region of
interest is defined and its properties are described using a descriptor
vector. This vector contains magnitudes and orientations describing
the surrounding keypoint region. Thus, a set of keypoints and their
descriptor is the desired output.

Once the keypoints and their descriptor are obtained, a comparison
between the different extraction techniques available, their compu-
tational time, their robustness to image transformations and their per-
formance are evaluated. Furthermore, the detector and descriptor that
best suit the image object recognition task are selected.

B) Clustering the keypoints to represent visual features.

The previously extracted features are grouped to identify important
physical elements in the object. This approach attempts to mimic the
method of selection, classification and recognition of objects of human
beings; that is, extracting inner structures and physical properties.

C) Classification of visual features

It is important to analyze whether the previously obtained descriptor
is feasible for object classification and its limitations. The total amount
of different classes, the inter-class variability or the intra-class varia-
bility are some possible drawbacks that can appear when performing
the classification step. Afterwards, the similarities between the objects
are computed. It seems reasonable to expect objects with many simi-
larities to lye in the same region of the space. This concept is shown
in Figure 1.3 with different shoes; particularly trainers and high-heel
shoes.

D) Object recognition

Otherways to improve object recognitionwith several canonical views
are evaluated. A graph-based representation of the object is attempted
to improve the performance. Note that this representation relates no-
des of the graph with physical elements in the object. Thus, this new
graph-based representation provides many possible criteria to com-
pute the similarity within two objects.

MASTER THESIS



1.3. PROJECT STATEMENT 7

Figure 1.3: Example of shoe classification based on their vi-
sual features. Particularly two classes are considered; sport
shoes and high-heel shoes.

In this project several methods for object recognition in images are stu-
died, compared and implemented. The final goal is to develop a system
able to recognize objects in a database. Since the range of possibilities is
very wide, other approaches are explained and a new own approach pro-
posed. The following tasks have been carried out during this project:

1. Study the literature related to the methods for detection and des-
cription of visual features in images and the main concepts related
to computer vision.

2. Study the literature related with the machine learning methods to
perform pattern recognition and classification and the algorithms to
group elements in clusters.

3. Comparison and evaluation of different types of visual features de-
tectors and descriptors. Selection of the most appropriate detector
and descriptor to tackle the problem of object recognition.

4. Simple database creation and use of existing dataset collections. Ef-
fort to set up the experiment with modifications and conclusions
about those datasets.

5. Write the report.

BERNARD HERNÁNDEZ PÉREZ



8 CHAPTER 1. INTRODUCTION

1.4. Tools

All the work related to this project was developed in a MacBook Pro
with an Intel i7@2.9GHz processor and 8 GB RAM. The tools used for the
development of the final project are described briefly below. Note that, as
far as possible, open source projects and libraries have been used. The goal
of this section is not to describe in detail the tools. To that end, pointers to
more information are given where it is necessary.

A) Python

Python is a high-level programming languagewhich emphasizes code
readability. It is a dynamic language, so the data types are assigned in
execution time, and generally is used to code scripts. It supports mul-
tiple programming paradigms, including object-oriented, imperative
and functional programming. Python is a free and open source soft-
ware managed by the Python Software Foundation (PSF). Most part of
the experimental figures included in this report were produced using
Python [10] and the Matplotlib Python plotting library.

B) Matlab

MATLAB6 (matrix laboratory) is a numerical computing environment
developed byMathWorks.MATLABallowsmatrixmanipulations, fun-
ction and data representation, user interface creation and interaction
with programs written in other programming languages. It has a pro-
prietary license and currently the version 2013b is available for Win-
dows, Linux and Mac OS.

C) OpenCV

Open Source Computer Vision 7 (OpenCV) [11] is a computer vision li-
brary initially developed by Intel R©, though currently is open source
software published under BSD license. This library provides a widely
set of functions to work with computer vision, emphasizing their use
in real-time applications. For this reason it is developed in optimized
C/C++. It can use Intel proprietary optimized routines to accelerate
itself. It has bindings for C, C++, Python and Java. OpenCV is also
cross-platform, so it is supported on Windows, Linux, Mac OS, iOS
and Android.
6Link MATLAB: http://www.mathworks.com/
7Link OpenCV: http://opencv.org/
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1.4. TOOLS 9

D) Scikit-learn

Scikit-learn8 [12] is a machine learning library for Python. Its docu-
mentation and implementation are open source and it is published
under BSD license. It started as a Google Summer of Code project de-
veloped by David Cournapeau and has been rewritten and extend by
other developers since then. It is designed to interoperate with the
Python numerical and scientific libraries NumPy and SciPy. Among
their content it includes algorithms to perform classification, regres-
sion and clustering.

E) PyStruct

PyStruct 9 [13] is a structured learning and prediction library for Pyt-
hon. It was created by Andreas Mueller and it is open source. Cu-
rrently its first stable version PyStruct 0.1 is available.

8Link Scikit-learn: http://scikit-learn.org/
9Link PyStruct: http://pystruct.github.io/
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2
BACKGROUND

In this chapter, the basic foundations of feature extraction, classifica-
tion and clustering are introduced. These are very important to fully un-
derstand the methodology described in Chapter 3. Nonetheless, the aim
is not to be as exhaustive as possible and instead providewith basic know-
ledge.

Section 2.1 explains the basic concepts of feature extraction, briefly re-
views some of the feature extraction methods and focus on Scale Inva-
riant Feature Transform (SIFT) and Speeded-Up Robust Features (SURF). The
classification problem and its achievement using Support Vector Machines
(SVMs) is explained in Section 2.2. In Section 3.3, some cluster analysis
methods are described and evaluated in a synthetic example. Finally, pos-
sible interesting research questions are stated in 2.4.

Feature Extraction
Image Output

Processing Detector Descriptor Matching

Figure 2.1: Generic diagram to perform object recognition.
The preprocessing is optional and can boost the performan-
ce. Feature extraction is the core block andmatching is use to
find correspondences within objects using the precomputed
features.

Object recognition systems aim to find and identify objects in an image
and many approaches to solve this task have been implemented. The ge-
neral diagram for object recognition based on feature extraction is shown
in Figure 2.1. The preprocessing step is optional but can boost the final
performance of the system considerably. Possible preprocessing techni-
ques involve image enhancement and segmentation to obtain a set of sub-
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12 CHAPTER 2. BACKGROUND

images, sometime referred to as regions-of-interest (ROIs). This concept
reflects the fact that images frequently contain collections of objects each
ofwhich can be the basis for a region. Feature extraction aims to transform
the input data (i.e. an image) into a set of features and it is explained in
Section 2.1. Matching is a general concept to describe the task of finding
correspondences between two elements that has to be carried out for re-
cognition or classification. It can attempt a simple comparison between
the features extracted or more complex comparison systems (i.e. graph-
based matching implements a big set of comparison techniques).

An image is a 2-dimensional representation of a 3D scene. Signals and
images in our environment are analog; that is, they exist in a continuous
time and have a continue range of values. Thus, it is necessary to digitali-
ze the images to be stored and used by computers. Consequently, digital
images are defined in a discrete time and a discrete range of values.

2.1. Feature Extraction

Once the image is acquired and the preprocessing is done, the most
relevant features have to be extracted in order to recognize the object. The
amount of data in an image is huge and thus detectors are used to locate the
pixels of interest; that is, positions p = (x, y) in the image. Afterwards, the
descriptors are used to describe the region around the previously detected
positions.

A) Detectors

To select the most important points in an image, usually denoted as
keypoints, detectors are used. Usually, the keypoints are located in re-
gions of the image with high contrast, edges or corners. Note that the
keypoint itself does not provide enough information, thus a region of
interest around the keypoint is defined.

B) Descriptors

The region of interest related to each keypoint is described using des-
criptors. Generally, the result is v ∈ Rd, so v is a d-dimensional vec-
tor describing the physical region properties; that is, texture or shape
among others properties are described.

The possible transformations in the projection of the object in two dif-
ferent images are many. It seems reasonable to select those detectors and
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descriptors that are not affected by transformations. They will perform
better in complex scenarios due to their robustness against transforma-
tions.

2.1.1. Local Feature Detectors and Descriptors

The literature related with visual feature detection and description in
images is very wide and it is very difficult to explain all the algorithms
and contributions thoroughly. The aim of this subsection is to overview
some of the main ideas proposed.

It started with global descriptors to describe all the content of the image
using its color or intensity. To overcome the limitations of these methods
and improve their performance a new approach, based on the segmenta-
tion of an image in smaller regions, was proposed. Thus, the descriptors
applied to regions of an image are called local descriptors and are core in
this project. Along the time, several techniques were developed to handle
and palliate the effects of transformations in images. Those transforma-
tions can be scale variance, illumination variance, geometric transforma-
tion or even noise. Nowadays, there exist many detectors and descriptors
and some of them are briefly explained below.

A) FAST

Features from Acelerated Segment Test (FAST) [14] detector explores the
intensity value of those pixels within a circle with radius r around the
selected pixel p = (x, y) (see Figure 2.2a). A pixel within the circle is
considered “bright” if its intensity is at least t times higher than the
candidate pixel p. Opposite, it is considered “dark” if the intensity is
at least t times lower. The candidate pixel p is marked as point of in-
terest if there exist a n pixels length arc in the circle. In the original
implementation the values are r = 3 and n = 9.

B) BRIEF

Binary Robust Independent Elementary Features (BRIEF) [15] descriptor
uses binary strings to describe the keypoints. Thus, the Hamming 1

distance is used to calculate the similarities between descriptors in
1Given two strings with same length, the Hamming distance is the total number of

positions where the symbols are different. It measures the minimum number of repla-
cements needed to make both strings equal.
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the matching step. Usually, Hamming distance is computed more effi-
ciently than Euclidean distance. BRIEF is very sensitive to noise, thus
the image is blurred by applying a median filter.

The bit values in the descriptor are computed comparing all possible
pairs of intensity values within an image region centered in the key-
point. Let us define the pair of pixels to compare as p1 = (x1, y1, i1)

and p2 = (x2, y2, i2), where ii represents the intensity value. If the in-
tensity value of the first pixel i1 is higher than the intensity value of
the second pixel i2, the bit is set to 1, otherwise is set to 0. The original
descriptor length is 512 bits for a region of 48x48 pixel. The basic form
of BRIEF is not rotation invariant.

C) STAR

The authors of STAR [16] aimed to create a new multi-scale detector
with full spatial resolution because other detectors (i.e. SIFT) decima-
te the input image. This decimation process leads to problems in the
location precision of the keypoints detected in decimated images with
respect to the original image. STAR uses a Laplacian of Gaussian (DoG)
approximation and gets its name from the shape of themask used (see
Figure 2.2b). This mask is invariant to ration and allows the use of in-
tegral images to compute the calculations efficiently. The scale-space
is created using masks with different size, thus the interpolation is
avoided.

D) BRISK

Binary Robust Invariant Scalable Keypoints (BRISK) [17] detector and
descriptor uses the scale-space technique to detect keypoints. The lo-
cation and scale of each keypoint is obtained fitting a quadratic fun-
ction in the continuous domain. The main idea is to use a pattern (see
Figure 2.2c) to sample the keypoint’s neighbourhood obtaining gray
values. Later, pairs of those values are compared, setting the bit to 1
if the intensity value of the first element is higher or 0 otherwise. The
matching is done efficiently due the binary nature of the descriptor.

E) ORB

Oriented-FAST and Rotated-BRIEF (ORB) [18] is a detector and descrip-
tor proposed as a computationally efficient alternative to SIFT and
SURF. The authors define the robustness and matching accuracy per-
formance as good as the one provided by SIFT and better than the
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performance provided by SURF. It is based on the FAST detector and
the BRIEF descriptor. However, ORB adds an orientation component
to FAST (oFAST) and compute the BRIEF descriptors more efficiently
and improving their robustness to rotation transformations (rBRIEF).

(a) detector FAST (b) detector STAR (c) descriptor BRISK

Figure 2.2: (a) Example of FAST detector; (b) Mask used
in STAR detector; c) Sample pattern used in BRISK. Ima-
ges taken from the official FAST webpage (http://www.
edwardrosten.com/work/fast.html), [16] and [17] respec-
tively.

For a thorough explanation in the history and evolution of detectors
and descriptors, some implementation details and its general classifica-
tion see [19]. The feature extraction techniques proposed depend on the
purpose and the area of application, see [20] to understand the most mo-
dern feature extraction algorithms within robotics. In this project the Sca-
le Invariant Feature Transform (SIFT) [21] and Speeded-Up Robust Features
(SURF) [22] are explained.

2.1.2. Scale Invariant Feature Transform

Scale Invariant Feature Transform (SIFT) is an algorithm to detect points
of interest and describe the local features relatedwith those points in ima-
ges. SIFT was published by David Lowe [21] and patented in the US; the
owner is theUniversity of British Columbia. It has been reviewed andmo-
dified by other researchers to improve its performance and robustness.
As a result, some variants as PCA-SIFT [23] or ASIFT [24] have been pro-
posed. To achieve a reliable object recognition system, it is important to
extract features from images that are robust to possible variations in the
input image. Potential changes are scale, illumination, rotation or geome-
tric transformations among others. Usually, the keypoints detected and
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described by SIFT correspond to areas of the image with high contrast, as
object edges or corners. Another interesting property to consider in fea-
ture extraction algorithms is the ability to extract the same keypoints no
matter the projection of the scene in the image.

Figure 2.3 shows the detection and description blocks to extract the
SIFT descriptors from an image. The aim and the implementation details
for each of the steps shown in Figure 2.3 are explained below. They are
explained sequentially.

Detector

Descriptor

Image

Scale-space DoG Locate
extrema

Approximation
and Filtering

Feature extraction
per keypoint

Orientation asign-
ment per keypoint

Descriptor

Figure 2.3: Process diagram for object recognition with de-
tection and description blocks to extract the SIFT descriptors
from an image.

A) Scale-space

In the first step of the algorithm, the image I(x, y) is convolved iterati-
vely using the spatial gaussian filterG(x, y, σ) defined in Equation 2.1.

G(x, y, σ) =
1

2πσ2
e
−(x2+y2)

2σ2 (2.1)

The convolution of the original image I(x, y) with the spatial gaussian
filterG(x, y, σ) filters high frequencies while low frequencies remains.
Thus, the original image is smoothed (blurred) resulting in a new ima-
ge L(x, y, σ) defined in Equation 2.2.

L(x, y, σ) = G(x, y, σ) ∗ I(x, y) (2.2)
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Scale-space aims to create a set of images (see Figure 2.4 for Lena ima-
ge) to obtain a scale-space pyramid. The scale-space varies within the
available SIFT implementations. This report is focused on the imple-
mentation proposed by Lowe [21].

Figure 2.4: SIFT scale-space for the Lena image.

The factor k indicates the scale increment and it is defined by k = 21/s,
where s + 3 is the total number of images per octave. In the original
SIFT implementation, Lowe uses 4 octaves with 5 images per octave.
Table 2.1 shows the generic values to create the scale-space. Further-
more, the image is decimated by 2 when σ doubles its value, thus the
computational time is reduced as well.

Octaves
Scale 1 2 3 4 1 2 3 4
blur 1 kσ = σ1 2σ1 4σ1 8σ1 0.707 1.414 2.828 5.656
blur 2 k2σ = σ2 2σ2 4σ2 8σ2 1.000 2.000 4.000 8.000
blur 3 k3σ = σ3 2σ3 4σ3 8σ3 1.414 2.828 5.656 11.313
blur 4 k4σ = σ4 2σ4 4σ4 8σ4 2.000 4.000 8.000 16.000
blur 5 k5σ = σ5 2σ5 4σ5 8σ5 2.828 5.656 11.313 22.627

Table 2.1: Scale factor values; 4 octaves with 5 images per
octave. The initial value of σ is σ = 1/2. The colour repre-
sents the overlapping scale factor between two octaves; red
for octaves 1-2 and green for octaves 3-4.
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One octave has half of its scale factor values in common with the pre-
vious octave (see colours in Table 2.1). The decimation applied to the
image does not cause large losses in accuracy because of the overlap-
ping within octaves.

B) Difference of Gaussians (DoG)
The spatial filter Laplacian of Gaussian (LoG) detects borders or edges
robustly. However LoG is computationally expensive so it is replaced
by an approximation based on Difference of Gaussians (DoG). The vali-
dity of this approach was demonstrated by Lindeberg [25]. The diffe-
rence of gaussians D(x, y, σ) is defined in Equation 2.3.

D(x, y, σ) = L(x, y, kσ)− L(x, y, σ) (2.3)

Thus, the approximation D(x, y, σ) is the difference of two adjacent
scales in the same octave. This step provides a set of images called
DoG-pyramid and the aspect of the images are similar to the ones re-
presented in Figure 2.5.

Figure 2.5: Example of the Difference of Gaussians (DoG)
used in SIFT for the Lena image. Note that each octave has
4 images.

C) Locate extrema in DoG
Given the previously obtained DoG-pyramid with the set of images at
different scales, the extrema within the images are explored because
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they are potentially considered points of interest (keypoints). To locate
the extrema, the intensity of each pixelD(x, y, σ) is compared with its
neighbors. Thus, it is compared with 8 neighbors at the same level,
9 neighbors at a lower level and 9 neighbors at a higher level. This
comparison is shown in Figure 2.6. It is only considered an extremum
if the value of the point that is being compared is higher (or lower)
than its 26 neighbors.

Figure 2.6: Extrema location in DoG images. The pixel re-
presented with a cross is compared with its 26 neighbours
represented as circles. Image taken from [21].

D) Keypoints approximation and filtering

The positions (x,y) for the extrema located in the previous step are
obtained at different scales. Consequently, those positions can be de-
fined with decimal values, but an image matrix can be accessed only
to positions defined by integer values. In the most recent SIFT imple-
mentations an interpolationmethod, based on approximating the data
around the extremumwith a 3D quadratic function, is used. Let us call
each point around the extremum as sample point. The approximation,
illustrated in Figure 2.7, is explained below.

The interpolation is done using the quadratic Taylor series expansion
over the difference of gaussiansD(x, y, σ) as expressed in Equation 2.4.
D and its derived form are evaluated in the sample points and x =

(x, y, σ) is the offset for the sample points.

D(x) = D +
∂DT

∂x
x +

1

2
xT
∂2D

∂2x
x (2.4)

The final extremum location x̂ coincideswith one of the sample points.
In the Figure 2.7 the final extremum location is the same as the sample
point represented in green. This location is found deriving the Taylor
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Figure 2.7: Extremum approximation using its samples
points. The function represented is a gaussian to make the
illustration more intuitive.

series expansion with respect to x = (x, y, σ) and setting it to 0. The
coordinate axis is centered in the current sample point defining the
offset x̂ as the distance between the sample point and the extremum.
The expression to obtain the offset x̂ is defined by Equation 2.5.

x̂ = −∂
2D−1

∂2x

∂D

∂x
(2.5)

If the offset x̂ is higher than 0.5 in any of the dimensions, the extremum
is lying closer to another sample point and the process is repeated for
a new one. The final offset x̂ is added to the extrema to interpolate the
final extrema position. This addition is represented in Equation 2.6
where x̂I is the interpolated position, xE is the extremum and x̂ is the
offset.

x̂I = xE + x̂ (2.6)

The extrema are located in the images within the scale-space, hence
the amount of keypoints detected is huge and some of them are uns-
table. In the next step the extrema with low contrast or with variation
in only one direction are remove because they are very sensitive to
noise.
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Firstly, the value obtained evaluating the function represented in Equa-
tion 2.7 in the extremum, D(x̂I), is used to remove unstable extrema
due to low contrast. In the experiments realized by Lowe, the extrema
with a value |D(x̂I)| ≤ 0,03 are removed.

D(x̂I) = D +
1

2

∂2DT

∂2x
x̂I (2.7)

Secondly, those extrema located along the edges are removed. Intui-
tively the edges have a small curvature (variation or gradient) along
themselves and a high curvature in the perpendicular direction. If x̂I is
a corner the curvature is high in both directions. To discard the extre-
ma located in edges the ratio between the two curvatures is calculated
and those with high ratio are removed. Those curvatures can be com-
puted with a Hessian matrix approximation H. This approximation is
calculated using pixel differences in the same location and scale that
the evaluated extrema; that is x̂I = (x, y, σ). The Hessian matrix is
defined by the Equation 2.8. It is symmetric so Dxy = Dyx.

H =

[
Dxx Dxy

Dyx Dyy

]
(2.8)

The trace and determinant for the Hessian matrix H are computed as
shown in Equation 2.9 where α = rβ and r is the ratio.

Tr(H) = Dxx +Dyy = α + β

Det(H) = DxxDyy −D2
xy = αβ

(2.9)

The decision is made using the Equation 2.10. In Lowe experiments,
the value used for the ratio is r=10. Thus, extrema with a curvature
ratio higher than 10 are removed and the remaining extrema are con-
sidered keypoints.

Tr(H)2

Det(H)
<

(r + 1)2

r
(2.10)

E) Dominant orientation assignment to keypoints

A dominant orientation is assigned to each keypoint to attempt a rota-
tion invariant description for the surrounding pixels. For a given pixel,
the gradient parameters are magnitude m(x, y) and orientation θ(x, y).
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They are approximated using pixel difference as indicated in Equa-
tion 2.11.

m(x, y) =
√

(L(x+ 1, y)− L(x− 1, y))2 + (L(x, y + 1)− L(x, y − 1))2

θ(x, y) = tan−1 (L(x, y + 1)− L(x, y − 1)) / (L(x+ 1, y)− L(x− 1, y))
(2.11)

The pixel magnitudes and orientations lying in a gaussianwhich stan-
dard deviation 1,5σ are used to create an histogram (see Figure 2.8).
Note that the represented gaussian has into account the scale where
the keypoint was found k = (x, y, σ). The histogram has 36 bins in the
x axis, one for each 10 degrees and the amplitude is represented in the
y axis. Each pixel contributes to the histogram adding its magnitude
value weighted with a gaussian window centered at the keypoint.

Figure 2.8: Orientation histogram with 36 bins (one for each
10 degrees). The amplitude of each bin represents the sum
of magnitudes weighted by a gaussian window centered at
k of all the pixels which orientation corresponds to that bin.

Once the histogram has been created, the dominant orientation repre-
sented by the higher bin is assigned to the keypoint. Thus, the keypoint
is now defined as k = (x, y, σ, θD), where θD is the dominant orienta-
tion. The keypoint is copied for all the bins which amplitude is at least
80% the maximum amplitude. For those copies, the dominant orien-
tation is interpolated by fitting a parabola to the three adjacent bins;
the aim is to obtain higher precision.
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Finally the keypoints are defined by k = (x, y, σ, θD), where (x, y) is
the keypoint location, σ is the scale and θD is the dominant orientation
calculated for its region of interest.

F) Feature extraction to create the descriptor

In previous steps keypoints at different scales were selected and the
orientation for its region of interest assigned. This step attempts to
make the description robust to shift, scale and rotation variations in
the image. Also, it attempts to describe the region around the keypoint
singularly.

It is desirable to describe the region around the keypointk = (x, y, σ, θD)

robustly, in particular to illumination and perspective variations. The
16x16 pixel region around the keypoint is selected and divided in 4x4
pixel windows. An orientation histogram is computed for each of the
windows. Those histograms have 8 bins; that is, one for each 45 de-
grees as shown in Figure 2.9.

Figure 2.9: Orientation histogram to describe the region
around the keypoints. The magnitudes are weighted by
a gaussian (blue circunference) centered at the keypoint
and added to its corresponding bin. Each histogram has 8
bins (orientations) and the magnitude is represented by the
length of the arrow.

Finally, a vector with all histogram values is created for each keypoint.
This vector has 128 values; that is, 4x4windowswith 8 orientations per
window and it is called descriptor. To achieve rotation invariance, the
dominant orientation for the keypoint is subtracted to its descriptor
values. For illumination invariance the vector is normalized. To remo-
ve no linear effects (i.e. camera saturation) Lowe reduces the influence
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of high magnitudes saturating those values higher than 0.2 within the
vector and the vector is normalized again.

2.1.3. Speeded-Up Robust Features

Speeded-Up Robust Features (SURF) is a robust feature detector and des-
criptor proposed byHerbert Bay [22] and partially based in the previously
explained SIFT [21]. The standard version of SURF is several times faster
than SIFT and its use is widely extended in real-time applications (i.e. ob-
ject tracking in video).

Detector

Descriptor

Image

Integral Image DoB
Scale-
space Locate keypoints

Feature extraction
per keypoint

Orientation asign-
ment per keypoint

Descriptor

Figure 2.10: Process diagram for object recognition with de-
tection and description blocks to extract the SURF descrip-
tors from an image.

In the comparison of the SURF diagram (see Figure 2.10) and the pre-
viously explained SIFT diagram (see Figure 2.3) the main differences are:

SIFT uses a Laplacian of Gaussian (LoG) approximation denoted as
Difference of Gaussians (DoG). In SURF the approximation is com-
puted more efficiently usingDifference of Boxes (DoB). The improved
efficiency is due to the use of integral images to calculate the sum of
intensitieswithin a box. This techniquewas introduced byViola and
Jones [26].

SIFT iteratively convolves the input image with a spatial gaussian
filterG(x, y, kσ) to create the scale-space; that is, a set of blurred and
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resized image at different scales. Due to Difference of Boxes (DoB),
SURF creates the scale-space varying the size of the boxes directly.
There exist slightly differences in the pyramidal scale-space created
by SIFT and SURF, those differences will be explained later on.

The aim and the implementation details for each of the steps shown
in Figure 2.10 are explained below. They are explained sequentially.

A) Integral Image

The computational time is reduced considerably due to the use of the
integral image and it is the main difference introduced in SURF. The
integral image value IΣ(x) at the position x = (x, y) represents the
sum of all the values in the rectangular region defined by the origin
and the position x. The integral image expression is shown in Equa-
tion 2.12.

IΣ(x, y) =

i≤x∑
i=0

j≤y∑
j=0

I(i, j) (2.12)

Once the integral image IΣ(x) is computed, the computational time to
perform the sum of intensities within a rectangular area is indepen-
dent of the image. The sum of intensities only needs three operations.
This property is very important because filters with big size are used
to create the scale-space.

B) Difference of Boxes (DoB)

The Hessian matrix is used to detect the keypoints. Given a point x =

(x, y) in an image I(x) and the scale σ, theHessianmatrixH(x) is defi-
ned in Equation 2.13. The termLxx(x, σ) is the second order derivative
of the spatial gaussian filter convolvedwith the image I(x) at the posi-
tion x = (x, y). Similarly the terms Lxy(x, σ) and Lyy(x, σ) are defined.

H =

[
Lxx(x, σ) Lxy(x, σ)

Lyx(x, σ) Lyy(x, σ)

]
(2.13)

In SURF the approximation of the Laplacian of Gaussian (DoG) was
pushed one step further, due to the good performance obtained by
SIFT the approximation based on Difference of Gaussians (DoG). The
simpler approximation used in SURF is based on Difference of Boxes
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(DoG). Figure 2.11 shows an example of this approximation. The use of
both, the spatial filters and the integral image IΣ(x), allows an efficient
calculation for the sums of intensities within a rectangular area (box).

Figure 2.11: Laplacian of Gaussian (LoG) approximation ba-
sed on Difference of Boxes (DoB). From left to right: second
order derivatives for the gaussian filter in Lyy and Lxy direc-
tions respectively. Second order derivatives approximation
for the gaussian filter ussing Difference of Boxes in Dyy and
Dxy directions respectively. The value for the gray regions is
0.

C) Scale-space

SIFT iteratively convolves the input imagewith a spatial gaussian filter
G(x, y, kσ) to create the scale-space; that is, a set of blurred and resized
images at different scales conforming the scale-space pyramid. Due to
Difference of Boxes (DoB) and the integral image IΣ(x), SURF creates
the scale-space varying the size of the boxes to define the mask. The
mask is applied directly to the image I(x) without incrementing the
computational time. In SURF the size of themask is increasedwhile in
SIFT the image is decimated. Thus, the scale-space pyramids are inverted
as shown in Figure 2.12.

Figure 2.12: Scale-space comparison SIFT vs. SURF. The
scale-space in SIFT is created by decimation of the image ite-
ratively (left). Opposite, in SURF it is created by increasing
the size of the mask (right). Image taken from [22].
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The results are grouped in octaves. The octaves overlap to cover the
whole scale. In the implementation proposed by Herbert Bay [22] the-
re are 3 octaves expandable to 4. The number of pixels to define de
Difference of Boxes (DoB) for each scale is shown in Figure 2.13. Note
that the masks have and odd number to guarantee the existence of a
central pixel.

Figure 2.13:Octaves in SURF. In this representation there are
3 octaves (y axis) and different scales (x axis). The numbers
represent the amount of pixels used to create the Differen-
ce of Boxes (DoB) mask. For example, 9 defines a 3x3 mask.
Image taken from [22].

D) Locate keypoints

This procedure is similar to the one used in SIFT, but the Taylor series
expansion is applied to theHessianmatrix defined in SURF. The result
is shown in Equation 2.14.

H(x) = H +
∂HT

∂x
x +

1

2
xT
∂2H

∂2x
x (2.14)

The final location for the extremum x̂ is obtained deriving the Taylor
series expansion with respect to x = (x, y, σ) and setting it to 0. Its
expression is defined in Equation 2.15.

x̂ = −∂
2H−1

∂2x

∂H

∂x
(2.15)

E) Orientation assignment

The orientations for the previous keypoints are computed to provi-
de invariance to rotations. First, a region with radius 6σ is selected.
Remember that σ is the scale where the keypoint was detected. The
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distribution of the Haar Wavelets is created in x and y directions and
the result is weighted by a gaussian mask centered at the keypoint
with radius 2σ.

Figure 2.14: Haar Wavelets; x and y directions.

The Haar Wavelets are applied in x and y directions and the results
are represented in a cartesian coordinate system. The dominant orien-
tation is estimated doing the sum of the responses within a window
with angle π

3
radians (see Figure 2.15). A scan for all possible windows

is performed and the direction with the highest magnitude is added
as a new parameter to the keypoint.

Figure 2.15: Dominant keypoint orientation. Blue points are
Haar Wavaletes responses in both directions. The dominant
direction is obtained as the sum of all the responses within
a π

3 -anglewindow. The responsewith the highestmagnitude
is selected. Image taken from [22].
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F) Feature extraction to create the descriptor

To extract the parameters defining the region around the keypoint, a
square region with size 20σ is selected. This region is divided in 4x4
subregions; that is, the size of each subregion is 5σ. Furthermore, the
Haar Wavelets responses are calculated for 25 points evenly spaced in
each subregion. The response in horizontal direction is denoted as dx
and the response in vertical direction is denoted as dy (see Figure 2.16).

Figure 2.16: Describing the region around the keypoint. The
selected region size is 20σ divided in subregions of 4x4 pi-
xels. Each subregion has 5x5 evenly spaced points and the
Haar Wavelet responses are computed on those points (left).
The 2x2 divisions are related with the parameters

∑
dx,∑

|dx|,
∑
dy and

∑
|dy| calculated for the descriptor. Image

taken from [22].

For each of the 16 subregions within the region of interest, a vector
with 4 parameters v = (

∑
dx,
∑
dy,
∑
|dx|,

∑
|dy|) is calculated. For

a given subregion in the image with constant value dx and dy varia-
tions will be null. If the image has white and black vertical lines, there
will be high variation in x direction. However, the black-white and
white-black transition gradients have opposite values, thus

∑
dxwill

be 0 but
∑
|dx|will be very high. Finally, all the 4-dimensional vectors

for each of the 4x4 subregions are stored providing a descriptor vector
with 64 dimensions. The Haar wavelet responses are invariant to illu-
mination changes. To achieve invariant to contrast changes the vector
is normalized.
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2.2. Classification

Machine Learning handles the design and implementation of algo-
rithms that can learn and extract patterns fromdata. One essential desired
property for these methods is the ability to generalize and consequently
performwell on unseen data. There are different categories depending of
the input samples available during training the machine.

Supervised learning: The available samples in the training data con-
sist of two components: the input and its label or output. These al-
gorithms attempt to find a function from inputs to outputs that per-
form well on unseen inputs. Classification is a classic supervised
example where the output belongs to a set of discrete elements.

Unsupervised learning: The available samples in the training data are
unlabelled: that is, only the input is provided. The algorithms to per-
form clustering are a common example of unsupervised learning.
These algorithms find properties or patterns in the data and use tho-
se properties to cluster the input in different classes.

Semi-supervised learning: These methods combine both labelled and
unlabelled samples to generate a function or classifier. Many resear-
chers have shown that the use of unlabelled data with a small set of
labelled data can increase considerably the precision in the learning
process. Moreover the acquisition of labelled samples requires hu-
man being intervention while non labelled samples can be acquired
easily.

Data mining is a field very related to machine learning. They often use
the same methods and can overlap significantly. However the main diffe-
rence resides in the objective of each one. Machine learning attempts the
prediction of new observations using the extracted properties of the trai-
ning data. In contrast, data mining performs the discovery of unknown
properties in the data.

Support Vector Machines (SVMs) are a set of well known supervised
methods used for classification and regression. However, there exist some
implementations for semi-supervised learning. In the next subsection the
classification process will be defined and its achievement using Support
Vector Machines (SVMs) explained.
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2.2.1. Support Vector Machine for Classification

Given a new sample x ∈ X and a finite and discrete set of classes
Y = {Ci}ki=1, classification attempts to assign one class to each sample x.
Generally the samples are x ∈ Rd so x is a d-dimensional vector with real
numbers. Using a predictive point of view, the aim of classifying is to find
a model or function mappingX → Y using the training data {(xi, yi)}ni=1.
Afterwards, the model will be used to predict the class Ci ∈ Y for new
unseen samples x.

For the sake of clarity, the discussion in this section starts by proposing
a classifier that is able to perfectly discriminate two-class linearly separa-
ble data. Later on, these two assumptions (linear separability and binary
classification)will be dropped, giving rise to amore general setting.When
the data is binary and linearly separable it is possible to find a hyperplane
able to discriminate all the data samples; that is there exists a hyperpla-
ne that can split the space so the samples belonging to each class lie in a
different region of the space. There are many possible hyperplanes that
can separate the data (see Figure 2.17a). It seems reasonable to choose
the hyperplane with highest distance within the two classes to generalize
better and avoid misclassifications. If this hyperplane exists, it is called
maximum margin hyperplane (see Figure 2.17b).
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(a) Many possible hyperplanes
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(b) Maximum margin hyperplane

Figure 2.17: Linear Support Vector Machine: (a) many pos-
sible hyperplanes; (b) maximum margin hyperplane. The
marked samples are denoted as support vectors.

Let us define the training set {(xi, yi)}ni=1 where xi ∈ Rd and yi ∈
{−1, 1}. Any hyperplane can be expressed as in Equation 2.16 where w

is the normal vector to the hyperplane and b is the bias.
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wTx + b = 0 (2.16)

If the data is linearly separable it is possible to define two hyperpla-
nes that separates the two classes without any sample lying between both
hyperplanes. Furthermore, it is desired tomaximize the distance between
the two hyperplanes. These two hyperplanes can be defined as in Equa-
tion 2.17.

wTx + b = 1

wTx + b = −1
(2.17)

Using geometry, the distance between the hyperplanes is 2
‖w‖ . Thus to

maximize the margin we have to minimize the ‖w‖. To prevent samples
lying in the margin two constraints are added (see Equation 2.18).

if yi = +1→ (wTxi + b) ≥ +1

if yi = −1→ (wTxi + b) ≤ −1

}
yi(w

Txi + b) ≥ 1 (2.18)

The complete optimization problemwith the objective function to mi-
nimize and the constraints is stated in Equation 2.19.

min
(w,b)
‖w‖ s.t. yi(w

Txi + b) ≥ 1 i = 1..n (2.19)

The optimization problem defined in Equation 2.19 is difficult to solve
because its dependence of ‖w‖ that includes a square root. Fortunately,
it is possible to modify the function, replacing ‖w‖ by 1

2
‖w‖2, without al-

tering the solution. Note that the factor 1
2
is introduced for convenience.

Finally, it can be expressed as a quadratic optimization problem in its pri-
mal form as shown in Equation 2.20.

min
(w,b)

1

2
‖w‖2 s.t. yi(w

Txi + b) ≥ 1 i = 1..n (2.20)

Therefore, the classification problem is now solved choosing the hy-
perplane thatmaximizes themargin.Nevertheless, the Equation 2.20 does
not have a solution if the data is not linearly separable. Intuitively, there
are samples that lie in the wrong side of the hyperplane. To allow some
misclassificationswhilemaximizing themargin the SoftMarginmethod is
used. This method introduces the so called slack variables, ξi. The variable
ξi measures the amount of error of the misclassified sample. Thus, if the
sample is correctly classified ξi = 0, otherwise ξi is the distance between
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the sample xi and the hyperplane. The constraints can take into account
this improvement by introducing the slack variables as indicated in Equa-
tion 2.21.

if yi = +1→ (wTxi + b) ≥ +1− ξi
if yi = −1→ (wTxi + b) ≤ −1 + ξi

}
yi(w

Txi + b) ≥ 1− ξi (2.21)

The objective function is also modified adding a term to penalize mis-
classifications; that is, penalizing the samples where ξi is not zero. The
optimization problem attempts to find a balanced solution betweenmaxi-
mizing the margin and having a small penalty error. If the function consi-
dered tomodel the penalty error is linear, the entire optimization problem
is stated in Equation 2.22.

min
(w,b)

1

2
‖w‖2+C

n∑
i=1

ξi s.t.

{
yi(w

Txi + b) ≥ 1− ξi i = 1..n

ξi ≥ 0 i = 1..n
(2.22)

So far, the boundary separating the two classes is a line, and thus the
classifier is linear. Formore complex boundaries the kernel trick is applied.
In this trick, the training samples xi are mapped using a function (not ne-
cessary linear) to a new space with higher dimensionality. The boundary
found in the high dimensional space is an hyperplane, but can have a non
linear shape in the original data space. Some of the most popular kernels
are shown in Equation 2.23, where γ, r, d are kernel parameters. Subsec-
tion 2.2.2 will show how to approach the selection of these parameters.
Figure 2.18 illustrates the boundary found when applying different ker-
nel functions to classify the same synthetic training data.

K(xi,xj) = xTi xj → Linear
K(xi,xj) = (γxTi xj + r)d, γ > 0 → Polynomial
K(xi,xj) = exp(−γ‖xi − xj‖2), γ > 0 → Radial Basis Function (RBF)
K(xi,xj) = tanh(γxTi xj + r) → Sigmoid

(2.23)
Finally, dropping the binary classification assumption lead us to mul-

ticlass classification, where the output set can have more than two classes
Y = {Ci}ki=1. The generalization applied to the optimization problem sta-
ted in Equation 2.22 in order to attempt multiclass classification is based
on the work in muticlass kernels done by Cramer K. y Singer Y. [27]. Ho-
wever, this approach is not unique to provide multiclass classification to
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Figure 2.18: Classification example using different kernels:
(a) linear kernel; (b) polynomial kernel; (c) radial basis fun-
ction kernel. Note the difference in the boundary and the
distribution of probabilities (contours).

SVMs. In fact, the dominant approach is based on the reduction of the
multiclass classification task into several binary classification problems.
These methods are grouped in the so called Error-Correcting-Ouput-Codes
(ECOC) [28]. The simplest ECOC are One-vs-rest and One-vs-one.

One -vs-rest 2: This approach usesK binary classifiers, Y = {C1, C2},
where K is the number of total classes. The samples xi in the trai-
ning data can belong toC1 if yi = k orC2 if y ∈ {1..K}\{k}. The final
classification is the onewith highest score among all the binary clas-
sifiers. It is important to calibrate all the functions to produce scores
in a similar range.

One-vs-one: This approach uses K(K − 1)/2 classifiers, thus one bi-
nary classifier for each possible pair of classes is trained. The pre-
diction of each binary classifier assigns a class to the new sample x.
Finally the class with more votes is selected.

That concludes the basic theoretical introduction to classifiers and in
particular to SupportVectorMachines.A thoroughdescription of Support
Vector Machine is well explained in [29] and [30].

Structured Output-Support Vector Machines are machine learning algo-
rithms that generalize the previously explained SVMs. The SVMs attempt

2One-vs-rest is also known as One-vs-all in the machine learning community. In this
report we will use the first nomenclature since the notation One-vs-all, in our opinion
inaccurate, implies discriminate samples that belong to the class k with samples that
belong to the rest of the classes 1, ...,K including k.
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to determine the most likely class for a given observation x and are trai-
nedwith the training data {(xi, yi)}ni=1, where generallyx ∈ Rd and y ∈ R.
Thus, each sample is a d-dimensional vector and the goal is to predict the
most probable class (usually a label or number) for this new sample. Is im-
portant to highlight that SVMs assume that all classes are independent.
On the other hand, SO-SVMs drop that assumption being able to learn
relations between different classes. Additionally, the goal is not to pre-
dict a label or number but possibly more complex objects, as sequences
or graphs. The theory related with those algorithms is far more compli-
cated. And introduction to both SVMs and SO-SVMs and its application
to network data is described in [31]. For a detailed SO-SVMs explanation
in the context of computer vision see Structured Learning and Prediction in
Computer Vision [32].

In this project, the results obtained with SVMs are good enough and
the ones obtained with SO-SVMs do not improve the performance consi-
derably. The main reasons are the reduced size of the database, the num-
ber of different classes used and the dimensionality of the inputs (d=128
for SIFT). Anyway, we recommend to use SO-SVMs for object recogni-
tion and classification withmultiple views to exploit the proposed graph-
based representation of the object and the dependency/relations between
classes.

2.2.2. Grid-Search and Cross-Validation

It is rather common within machine learning to deal with problems
that depend on one or several parameters that are not in the search space
of the learning algorithm. In the SVMs the parameter that is in the search
space of the algorithm is the hyperplane w. However, there are values
which no straightforwardway of choosing them exist. An example of such
parameters are < C, γ, d > in kernel functions (see Equation 2.23). They
are considered free parameters and this section explains some techniques
to choose their values. The basic idea is to train amodel several timeswith
the same data using different combinations of the free parameters. Finally,
the parameters that achieved the best result are selected.

Firstly, a search in the possible range of values for those parameters
has to be done. It is desirable to generalize the model to perform well in
unseen data. Therefore, a very high precision in the training data can be
useless, leading to overfitting. To search the appropriate values for the re-
lated free parameters we use Grid-Search. In this approach all the possible
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combinations within the feasible values of the free parameters are eva-
luated. To define those feasible values, a good approach is to create an
exponentially growing value sequence.

To compare the performance of the models a score value is needed.
The traditional approach, called Cross-Validation, splits the data in two
sets: training set and evaluation set. The basic idea is to train the model
with the training data and evaluate its performance in unseen data; that
is, evaluation data. This is a valid approach, however a better use of the
training data can be done to obtain a more reliable score. This technique
is called ν-fold Cross-Validation and can help us to prevent overfitting.

In ν-fold cross-validation the training set is split in ν subsets with the
same size. Each of this subsets is evaluated with the model trained using
the other ν − 1 subsets. The result of this process is a set of ν scores, one
for each fold, called cross-validation error for fold νi and its average called
cross-validation error. This error is an estimation of the performance of the
model in unseen data, providing that the data represents accurately the
real problem domain.

Based on the previously obtained cross validation error, the expected
model behaviour can vary in two different ways; the estimate could be
optimistic, performingworse in real data. On the other hand, it could per-
form better in the real data.With themodel selection process explained so
far, the estimate is almost certainly optimistic. In order to avoid the opti-
mistic estimation introduced with this process, we apply cross-validation
one more time. The key idea is to evaluate the performance of the model
using a completely previously unseen set of data samples.

Evaluating the models using the evaluation data provides a measure
of their performance in real data. The score obtained is defined as cross-
evaluation error. Finally, the model with smaller cross evaluation error is
trained with all the available data: training data and evaluation data.

2.3. Cluster Analysis

Cluster analysis or clustering is the task of grouping objects in different
sets (clusters) having into account their properties and similarities. Thus,
objects belonging to the same cluster will have more similarities between
them than with objects within other clusters. The similarities considered
and its estimation process varies resulting in different families of algo-
rithms. Typical cluster models based on the concept of similarity include:
connectivity-basedmodel, density-basedmodels, centroid-basedmodels,
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distribution-basedmodels and graph-basedmodels among others. In this
project, we use three clustering algorithms, each one based in a different
model. The algorithms are explained below and their similarity measure
is defined. The results shown for each clustering algorithm will be based
on the original synthetic samples represented in Figure 2.19a. The ground
truth for these samples is shown in Figure 2.19b. Note the yellow samples
are noise.
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(a) Synthetic samples

−2.0 −1.5 −1.0 −0.5 0.0 0.5 1.0 1.5
x

−2.0

−1.5

−1.0

−0.5

0.0

0.5

1.0

1.5

y

Desired clustering result

(b) Ground truth

Figure 2.19: Clustering example: (a) Synthetic data; (b)
Desired result. The samples represented in yellow are con-
sidered as noise.

2.3.1. Connectivity based clustering

Connectivity based clustering, also known as hierarchical clustering, is
based on the core idea of objects beingmore related to nearby objects than
the objects farther away. Thus, the similarity is defined as the distance bet-
ween two samples. This clustering model does not find a single data but
provides a hierarchy of clusters that are merged at certain distances. This
hierarchy is represented using dendograms (see Figure 2.20b), where the y
axis represents the distance where two clusters are merged and the sam-
ples are placed in the x axis such that the clusters do not mix. Generally,
connectivity based clustering algorithms are divided having into account
the strategy in:

Agglomerative strategies: Each sample starts being considered a clus-
ter, consequently there are the same number of clusters than sam-
ples. As we go forward the hierarchy the clusters are merged.
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Divisive strategies: All the samples belongs to the same unique clus-
ter. As we go forward the hierarchy the clusters are partitioned.
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(a) Result obtained using ward
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Figure 2.20: Clustering example using ward: (a) Result with
number of clusters k=3; (b) Example of dendogram with 50
samples.

Our selected connectivity based clustering algorithm is ward and the
result obtained for the original synthetic samples is shown in Figure 2.20a.
The main goal of this algorithm is to minimize the total variance within
the clusters. Ward follows an agglomerative strategy starting with one
cluster for each sample. The initial distances between clusters are the eu-
clidean distances between samples; d(xi,xj) = ‖xi − xj‖2. In each recur-
sion, the pair of clusters that leads to a minimum total variance increment
within clusters aremerged. This process is repeated until the total number
of clusters indicated by the user is reached.

2.3.2. Centroid based clustering

In this clustering model the clusters are defined by one single repre-
sentative sample called centroid. There exist different algorithms depen-
ding of the centroid selection/creationmethods. k-means calculate the cen-
troid as the average of all samples assigned to one cluster, consequently
the centroid is not necessarily one sample belonging to the data. On the
other hand k-medoids restricts the centroid to be one of the samples in the
data. Instead of the average calculated by k-means, the algorithm k-medians
finds themedian. All these algorithms have amain drawback: the number
of total clusters k has to be specified previously. Their tendency to create
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clusters with similar size or the influence of outliers are other drawbacks
inherent to these methods.

Among the algorithmsmentionedpreviouslywehave selected k-means.
The goal of these algorithms is to separate n samples in k clusters (see Fi-
gure 2.21a). Therefore a partition of the data space in cells called Voronoi
diagram is obtained (see Figure 2.21b).
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(a) Result obtained using k-means
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Figure 2.21: Clustering example using k-means: (a) Result
with number of clusters k=3; (b) Voronoi diagram. The cen-
troids are marked with bigger size.

Given a set of samples O = {x1,x2, ...,xn}, where each sample is a
d-dimensional vector and a set of partitions S = {S1,S2, ...,Sk}, the objec-
tive is to minimize the square error within clusters as indicated in Equa-
tion 2.24. Note that µi is the average of the samples assigned to cluster Si,
commonly denoted as centroid.

arg min
S

k∑
i=1

∑
xj∈Si

‖xj − µi‖2 (2.24)

This optimizationproblem isNP-complete anddue to efficiency reasons
approximate solutions are searched. The Lloyd’s algorithm [33] is a com-
monly used approximation that finds a local minima. This is an iterative
algorithm and has three well differentiated steps: initialization step, as-
signment step and update step.

1) Initialization step: This step determine the initial position of the cen-
troids. The initial positions (seeds) are critical and affect considerably
the solution obtained. For this reason the algorithm is executed several
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times with different initializations and the one with the best result is
chosen. Some possible initializations are:

Forgy’s method: k samples are selected randomly as centroids. This
initialization tends to find initial centroids well separated.

Randomly partition: One within the k possible classes is assigned
randomly to each observation. Afterwards, the update step calcu-
lates the initial positions or seeds.

kmeans++: The basic idea is to findwell separated centroidswithin
the data space. This algorithm is less random than the others and
leads to a considerably improvement in the final k-means error.
Though this initialization takes more computational time, the k-
means algorithm convergence is faster reducing the computatio-
nal time. For more information see k-means++: the advantages of ca-
reful seeding [34].

2) Assignment step: Each sample is assigned to a cluster which average µi
produces the minimum square error within the cluster. As the qua-
dratic error ‖xj − µi‖2 is the euclidean distance, intuitively the closest
centroid is being chosen.

3) Update step: The new centroids µi are calculated as the average of all
samples belonging to cluster Si as expressed in Equation 2.25.

µ
(t+1)
i =

1

|S(t)
i |

∑
xj∈S

(t)
i

xj (2.25)

2.3.3. Density based clustering

The clusters in this clustering model are defined as densely populated
regions in the data space. The samples placed between two densely po-
pulated regions are considered as noise. The most familiar density-based
clustering method is Density-based Spatial Clustering of Applications with
Noise (DBSCAN). This method connects samples situated within a certain
limit distance. Those samples have to fulfil also a density criteria. Some of
the benefits of DBSCAN are:

It is not necessary to set the number of clusters previously.

The clusters can have arbitrary shapes.
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There exist a notion of noisy samples (outliers).

Some of the drawbacks exhibited in previously clusteringmethods ha-
ve been solved. Despite all the benefits, DBSCAN has a clear weakness:
it can not group samples in clusters with very different densities. To sol-
ve this problem Mihael Ankerst et al [35] presented a generalization of
the algorithm called Ordering Points To Identify the Cluster Structure (OP-
TICS). First, the samples are arranged such close neighbouring samples
are nearby in the sorted vector. Additionally, the distance that should be
accepted to keep two samples in the same cluster is stored. This distance
is called reachability distance.

Let us define the maximum ratio ε and the minimum number of sam-
ples to form a clusterMinPts. The sample p is considered central if exists
at least MinPts in its neighbourhood Nε(p). All samples are assigned a
core distance defined by Equation 2.26, where c is the MinPts-th closest
sample.

core-distε,MinPts(p) =

{
None si |Nε(p)| <MinPts
‖p− c‖ otherwise

(2.26)

Finally, we define the reachability distance between two samples p and
o as shown in Equation 2.27, where d1 = core-distε,MinPts(o) and d2 =

‖p− o‖.

reach-distε,MinPts(p,o) =

{
None si |Nε(o)| <MinPts
max(d1, d2) otherwise

(2.27)

Once the reachability distance is calculated for all samples, they can be
represented as an special type of dendogram. The x axis represents the
sorted samples and the y axis shows its reachability distance. Usually, clus-
ters have low reachability distance within their closest neighbours and
consequently clusters in this representation are shown as valleys (see Fi-
gure 2.22b). The deeper the valley the denser the cluster. In Figure 2.22a
the clustering result obtained for the original synthetic example is shown.

There are many ways to evaluate the quality of the clusters obtained.
Internal evaluation techniques use the previously clustered samples tomea-
sure the quality. They usually tends to assign better score to those algo-
rithms that form clusterswith high similaritywithin cluster’s samples and
low similarity between clusters. If the samples used to measure the qua-
lity are not in the data then they are called external evaluation techniques.
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Figure 2.22: Clustering example using optics: (a) Clustering
result without specifying the number of clusters; (b) Sam-
ples sorted by their reachability distance, where valleys repre-
sent clusters. Note the presence of outliers marked in yellow
and with smaller size.

The effectiveness of this second evaluation technique has been discussed
recently. The drawback is that for the new samples the ground truth is
required. Due to the complexity to evaluate the clustering algorithms in
non synthetic data, in our case real images, we don’t use any mathemati-
cal function but our own criteria following the quote: “Clustering is in the
eye of the beholder” [36].

2.4. Research questions

There are many questions to answer in this open-field. Some of the
possible questions that can be addressed during this project are stated
below:

How much transformation can the algorithms support? Are the al-
gorithms enough robust for recognition?

Does the difference between image resolutions affect the algorithm’s
performance?

Are the algorithms valid for real-time recognition systems?

Are the algorithms valid for big-size databases?

Are the algorithms valid for objects with multiple canonical views?
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How many canonical views are needed for object classification?

How to estimate the minimum number of views of the same object
needed to the performance without an exaggerate increase in the
retrieval time from the database?

How the way human agents pick views affects the performance?
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3
GRAPH-BASED OBJECT REPRESENTATION
APPROACH

Real objects can be divided in two categories attending to the dispo-
sition of the elements they are conformed by. If all the elements can be
captured in a single image or picture, they are considered one single ca-
nonical view objects (i.e. book covers or paintings). Due to the 3D struc-
ture of the objects, its elements are usually distributed in different views,
also called multi-view objects with several canonical views. This inherent
feature increases the developing and designing complexity of object re-
cognition systems. In addition, the size of the databasewill grow conside-
rably when storing different views of the objects. Comparing two images
in order to recognize the object may not be sufficient because they can be
representing different views.

This chapter will explain the approach proposed to designmulti-view
object recognition systems. Previous work done by the author of this re-
port in objects with a single canonical view indicate that the descriptor
SIFT is suitable to address this problem.

Section 3.1 will explain some techniques developed by other resear-
ches to approach this problem andwill show our proposal: a graph-based
representation of the object where the nodes identify its main physical
elements. In addition, the developing process and its steps will be defi-
ned individually. In Section 3.2 we will present the interface developed
to create the database and its structure. In this project recursive cluster
analysis is used to group the keypoints and detect the main elements in
the object. This technique and some examples are shown in Section 3.3.
Once the elements are detected, a previously trained classifier is used to
predict the most probable class for each node. Support Vector Machines
(SVMs) are the classifiers selected for this project. An improvement ca-
lledWeighted-Support VectorMachines (w-SVMs) is briefly commented and
illustrated with examples. To close the chapter, the different criteria used
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to predict the class of each cluster based on the individual classification of
its observations is explained in Section 3.5 and some examples are shown.

3.1. Literature review and Proposed Approach

Clearly, 3D object classification and recognition based on 2D images is
a very generic problem statement. There are many methods to approach
this task and most of them have in common the use of several canonical
views. Some presented solutions by other researches are:

A) Brute force
The easiest approach is to store several views of the same object in
the database and perform the matching between the input image and
every image in the database, retrieving the onewith highest score. The
benefits; an easy implementation and similar results to those obtained
for single-view object recognition. The drawbacks; the computational
time.
The average matching time using SIFT descriptor in a reduced size
image (400x262) is about 6 ms. It seems negligible but this approach
has two important weaknesses:

The product images provided by the companies are high quality
so their size is large.
Having several views of the same object increases the size of the
database drastically.

Hence, the computational time needed when working with large size
databases is high. Companies as Google R© solve the problem storing
the images ordered in different servers and using the distributed com-
puting paradigm.

B) Shape-based object recognition
The approach proposed by CristopherM. and Benjamin B. [37] creates
a graph with the possible views of the object. Each node of the graph
represents one view and they are connected sequentially depending
of the position in which they were obtained. The set of views for each
object is discrete and the recognition of the object is done based on its
shape. For a new image, the most similar views are sorted by similitu-
de. Theway to calculate the similitude can vary; curvature-basedmat-
ching and graph-based matching are possible approaches. For a more
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detailed description seeASimilarity-Based Aspect-Graph Approach to 3D
Object Recognition [37].

C) Patch extraction on a 3D model

In this method, presented by Rothganger et al [38], the 3D shape of the
object based on the different available views is computed. Afterwards,
the surface is divided in small and invariant patches where the detec-
tors and descriptors are applied. The keypoints position, the descrip-
tor vectors and additional information about the three-dimensional
relations between the patches are stored. For a detailed explanation
see Toward True 3D Object Recognition [39].

D) Vocabulary of visual features (Bag of words)

This approach groups the previously extracted features, in our case
keypoints and their description, in a vocabulary of visual words ca-
lled bag-of-words. To create this vocabulary a tree-based structure was
developed by Nister and Stewenius [40] and evaluated by Tomasik,
Thiha and Turnbull [41]. This tree can be built using k-means. The
classification of new images can be done using k-NN or a modified
version where each vote is weighted based on the proximity with the
reference image.

Taking into account all the previous proposed approaches to solve the
problem, their benefits and their drawbacks we have decided to propose
our approach. This approach is based on a graph-based representation of
the object and the use of structured learning and prediction algorithms.
The process is divided in three different steps well separated. These steps
are:

BBDD: We will use a database with different canonical views of the
same object. Due to the shortage of databases with SIFT keypoints
and descriptors, we will implement our own interface to make its
creation easier. Section 3.2 will explain the use, structure and imple-
mentation of the database.

Object representation: The approach is based on the bag-of-words tech-
nique. Our own implementation is coded to, not just cluster SIFT
vectors by its properties, but to take into account their position in
the image and detect the presence of outliers. This process is called
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clustering and a set of clusters will be obtained. These clusters, al-
so known as nodes, are related directly with the physical properties
of the object (sewing, button, cord, ...) and are joined using arcs to
obtain a graph-based representation of the object.

Object prediction: Instead of considering the object as awhole,wewill
tray to predict each of the features or physical elements that con-
forms the object. Intuitively, one label has to be assigned to each no-
de. Firstly, Support Vector Machines (SVMs) are used to predict the
labels for each node independently. Afterwards, Structure Output-
SupportVectorMachines (SO-SVMs) are introduced.Due to the graph-
based representation of the object and the SO-SVMs it is possible to
take into account the relations between labels. For example, buckle
and cord are not independent; that is, given a buckle the probability
of finding a cord is smaller and vice versa.

The diagram used to develop the proposedmulti-view object recogni-
tion system (see Figure 3.1) is divided in twomain blocks:Model construc-
tion, where the database is created and the classifier is trained and Input
image prediction, where the physical elements that appear in a new image
are detected and predicted to recognize the object.

Input image prediction

Model construction

Create
BBDD

Train
(SO)-SVM

Image Clustering Predict Output

Figure 3.1: Multi-view object recognition diagram with a
graph-based representation of the object and prediction
using a classifier.

The main goal and the basic functionality of the steps shown in the
diagram of Figure 3.1 are briefly explained below:

A) Database creation
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For a set of images with different views of the objects their keypoints
and descriptors are computed. Afterwards, these keypoints are selec-
ted and a label representing the class they belong to is assigned. The
label can be introduced manually by the user (i.e. sewing) or can be
automatically generated (i.e. a number or ID).

B) Training the classifier

When the database has been created it is possible to train a classifier
with the previously stored data. This training process takes time but
once the model has been defined the prediction step is computed ef-
ficiently.

C) Cluster analysis (Clustering)

The amount of keypoints detected in an image can be huge. Thus, the
keypoints are grouped in different clusters or nodes. Each node repre-
sents a physical feature or element present in the object.

D) Prediction

Given a set of clusters defining the main physical elements of the ob-
ject and the previously trainedmodel, the most probable class or label
is predicted for each of the clusters.

In the following sections the steps represented in the diagram (see Fi-
gure 3.1) are explained and their related background theory described.

3.2. Databases

Finding a suitable database to evaluate the performance of a particular
design is not always an easy task since the database has to fulfil certain
requirements. In this project, the specifications are very detailed. For an
image, its keypoints, their associate description and the clusters that have
been found are stored. It is interesting to startwith a reduced size database
labelled by us to facilitate and improve the interpretation extracted from
the results. For these reasons, we decided to create our own database. To
make this task fun and easy we have developed an intuitive graphic user
interface.

This interface (see images in Appendix B) provides elements to shift
within the set of images to label; Prev button and Next button to move
among the images sequentially and the bottom bar to select the desired
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image manually. Different display options to select the elements to show
are available for the user: keypoints, centroids, labels and background co-
lor. The labelling of the keypoints can be done in two different ways:

Centroid mode: In this first mode, the algorithm computes the clus-
ters automatically. In addition, for each cluster the centroid is cal-
culated by the average of all its assigned keypoints. Then the user
can select one or more clusters by clicking in their centroid. Note
that the closest centroid to the mouse position is shown and high-
lighted automatically (see Figure B.1a). Once the label is introduced
for the centroids, it is propagated to all their associated keypoints.
This method does not allow an exhaustive keypoint selection and is
dependent of the clustering algorithm.

Lasso mode: This mode allows an exhaustive selection of the key-
points. Previously labelled keypoints are displayed with different
colors. The color is different depending on the cluster to which they
were assigned. The points that lie within the area selected by the
user (see Figura B.1b) are highlighted inwhite and the rest are trans-
parent. This method allows to group and label the keypoints as they
are perceived by the user.

Once we are able to select the keypoints and assign them the corres-
ponding label, it is necessary to define the format an structure used to
store all the information. In this project the format used to store the data
is JSON 1 (JavaScript Object Notation). JSON is a language-independent sto-
ring/sharing data format with parsers available for many languages. The
benefits of this format are many: it is easy for machines to analyze/gene-
rate JSON files and it can be read/modified/created by humans because
it is plain text. For each image a JSON file is generated providing anot-
her advantage: the creation of a large database can be done by merging
smaller databases. Physically, this involves placing all the files in the sa-
me directory. A brief example with the JSON structure used in our files is
shown in Listing 3.1.

1Link JSON: http://www.json.org/
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Listing 3.1: JSON sample
{"’image_path":"./ database/shoes -db/sample.png",
"image_type":"shoe",
"total_clusters":1,
"total_keypoints":2,
"cluster_dict":{

"(2,4)":{
"id":1,
"label":"button",
"keypoints_ids": [1, 2]}

},
"keypoints_dict":{

"(2,5)":{
"id":1,
"sift":[22.0 , 7.0, ..., 1.0]},

"(2,3)":{
"id":2,
"sift":[12.0 , 0.0, ..., 21.0]}

},
}

The graphic interface and the data structure presented previously is
used to create the database. The information stored in the database can
be used in many different ways, some of them are explained below.

The graphic interface is used to manually label the keypoints. It is
not necessary to label each keypoint individually; that is, the key-
points belonging to a previously computed cluster or those lying in
a region selected by the user can be labelled together. As a result the
labels are human-understandable (i.e. sewing or cord).

Labelling all the data available in a database is a tough task. Using
the previous set of labelled keypoints, it is possible to propagate the
labels (i.e. using labelling propagation techniques) to the rest of the
data. Hence, the complete database is labelled using a set of human-
understandable labels.

The human-understandable labels may not be necessary. For exam-
ple, if the output only needs to retrieve themost similar results, there
is no need to show the label for each cluster. In this case, automa-
tic labels can be assigned using clustering methods directly on the
whole set of keypoints available in the database.

The previous techniques are applied directly on the set of available
keypoints. Thanks to the cluster analysis computed for each image,
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the database have also information about the clusters in each image.
Thus, defining a representative sample for the cluster (i.e. centroid),
the methods can be applied on clusters.

In this project the objects to classify/recognize are shoes. The first da-
tabase is composed by generic images of shoes taken fromdifferent views.
It is called generic because the same number of canonical views is not re-
quired for each shoe. Intuitively, not all the views for an object are equally
important and there could even be views with no information at all. To
perform this experiment a second database with five different views for
each object is created. The images have been downloaded from dbshoes 2

and the five available views are shown in Figure 3.2.

(a) View 0 (b) View 1 (c) View 2 (d) View 3 (e) View 4

Figure 3.2: Available views in the second database. These
views are used in following experiments to determine their
relevance.

3.3. Recursive Cluster Analysis

The goal of this clustering step is to group the keypoints in clusters
representing the main physical components of the object. This approach
is called bag-of-words. So far, we have shown examples of clustering al-
gorithms with synthetic data representing 2D space positions x = (x, y).
However, in our implementation the dimensionality of the samples is hig-
her: the position of the keypoint and its description. For a given keypoint
described using SIFT we have its position in the image p = (x, y) and its
descriptor v = {v1, ..., v128}. Thus, the sample is x = {v,p}.

Recursive clustering is used to group keypoints representing physical
elements of the input object. It is possible to apply clustering algorithms
on the different components of the sample x = {v,p}. The possible clus-
tering algorithms in each recursion are:

2Link dbshoes: http://www.dbshoes.net/
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k-means applied to the position, the descriptor and/or both.

ward applied to the position, the descriptor and/or both.

optics applied to the position.

The key idea of taking into account the position p, and not just the des-
criptor, is based on the assumption that keypoints making up an element
lie on the same region in the space. This fact together with the variety of
possible clustering algorithms are different to the approach described in
[40]. If the clustering algorithms are applied to the descriptor vector the
keypoints are grouped based on their surrounding region. On the other
hand, if they are applied to the position they will be clustered by proxi-
mity (see Figura 3.3b). Similarly happens when applying ward.

(a) k-means applied to v (b) k-means applied to p

Figure 3.3: Clustering examples using k-means: (a) applied to
the descriptor v; (b) applied to the position p. The number
of clusters in both representations is k = 8.

Recursive cluster analysis can be represented as a graph structure,
commonly a tree (see Figure 3.4). The whole set of available samples, defi-
ned by the node data in the figure, is divided in several clusters recursively
using one of themethods explained before. Let us define the nomenclatu-
re for each node Aid, where A represents the algorithm (k for k-means, w
for ward and o for optics), d is the dimension (v for the descriptor vector
and p for the position) and i is the i-th cluster obtained. The amount of
clusters obtained is previously specified in k-means and ward (K in the
figure) and automatically determined in optics (N in the figure). Clearly,
when the amount of recursions increases the number of clusters increases
as well. Consequently, the total number of keypoints within each cluster
is reduced. Visually it means that a physical component of the object (i.e.
sewing, button, ...) is represented by several clusters. A stop condition
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is used to guarantee the proper functioning and result of the recursive
cluster analysis. In the code, the minimum number of keypoints within a
cluster to be divided is set.

data

k1
v

o1
p

... ...

oNp

... ...

kKv

o1
p

... ...

oNp

... ...

· · ·

· · · · · ·

Figure 3.4:Recursive cluster analysis representation. The no-
menclature used in the nodes is Aid, where A represents the
algorithm (k:k-means, w:ward and o:optics), d is the dimen-
sion (v:descriptor vector andp:position) and i is the i-th clus-
ter obtained (K:manually set, N :automatically set).

The representation in Figure 3.5a has been created using recursively
k-means over v and optics over p. Intuitively, we are grouping keypoints
describing similar regions first (see green cluster in Figure 3.3a). Next,
we group the samples within previously obtained clusters by density ex-
tracting the different physical objects (see corresponding clusters in Figu-
re 3.5a). Once the different elements that make up the object are obtained
it can be represented using a graph structure. The set of clusters obtai-
ned are the nodes of the graph. There are different criteria for creating
arcs between a pair of nodes, such as joining one node with the k closest
nodes or with those ones which distance is smaller than a threshold dis-
tance. The resulting graph is shown in Figure 3.5b, where each node is
connected with its k = 5 closest nodes.

Finally, we have to predict the class each node belongs to. In that way
we will be able to identify the elements that make up the object and re-
trieve from our database the objects with more similarities. Note that the
graph-based representation provides many benefits. Firstly, the mentio-
ned representation allows to capture relations between the different ele-
ments that make up the object. It allows to model the “strength” between
twonodes just giving a value to the arc that joins them. Todefine this value
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(a) Recursive clustering (b) Graph-based representation

Figure 3.5: Recursive clustering example and graph-based
representation: (a) Firstly k-means (k = 8) is applied to des-
criptor v. Next for each obtained cluster optics is applied to
the position p. Keypoints marked in white are outliers; (b)
Graph-based representation for the previous clustering re-
sult.

we can use the euclidean distance between nodes or more complex mea-
sures based on graphs. Finally, we can have information about the shape
of the object and use structure learning and prediction algorithms. Ap-
pendix C shows the recursive clustering result in different objects (in our
case shoes). The clusters representing the physical elements are shown
and also the graph-based representation is exhibited to clarify its previous
mentioned benefits.

3.4. Classifier Training and Selection

Given a database and a new input image, the goal is to distinguish the
different elements making up the object in the image. In this context ma-
chine learning methods, in particular Support Vector Machines (SVMs),
for classification are used. Let us consider a new sample x ∈ X and a
finite and discrete set of classes Y = {Ci}ki=1, classification attempts to as-
sign one class to each sample x. Generally, the samples are x ∈ Rd so x

is a d-dimensional vector with real numbers. Using a predictive point of
view, the aim of classifying is to find amodel or functionmappingX → Y

using the training data {(xi, yi)}ni=1. Afterwards the model will be used to
predict the class Ci ∈ Y for new unseen samples x.

In the set of classes Y = {Ci}ki=1, they are not equally supported; that
is, the number of samples available for each class in the database is dif-
ferent. Usually, this property is inherent to the databases and can lead to
misclassifications. An example with synthetic data is shown in Figure 3.6.
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(a) Linear weighted-class SVM
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(b) RBF weighted-class SVM

Figure 3.6: Example weighted-class Support Vector Machine:
(a) linear kernel; (b) radial basis function kernel. The relation
between classes is 1:10.

The data is divided in two classes; blue class with a large amount of
samples and green class with only a few samples. In this particular exam-
ple, there are 1000 samples supporting blue class and 100 samples suppor-
ting green class. Therefore, the relation between both classes is 1:10. The
red line represents the separating hyperplane with uniform weights wit-
hin classes. This hyperplane stands very close to the center of the green
cluster and provides a bad separation between classes. Let us recall the
optimization problem solved in Support Vector Machines for binary non-
linearly separable classes stated in Equation 3.1.

mı́n
(w,b)

1

2
‖w‖2 + C

n∑
i=1

ξi s.t.

{
yi(w

Txi + b) ≥ 1− ξi i = 1..n

ξi ≥ 0 i = 1..n
(3.1)

The penalty term C
∑n

i=1 ξi in the objective function can be used to
handle the non-equal support for the classes in the database; this is called
Weighted-Support Vector Machines (w-SVMs). The green line in Figure 3.6
represents the hyperplane obtained with weights defined inversely pro-
portional to the amount of samples in the class. These weights are an in-
dicator of the amount of error given a misclassification. Thus, the penalty
term obtained in a misclassified green sample is higher than the penalty
term obtained in a misclassified blue sample, provided that both lie wit-
hin the same distance from the current hyperplane; that is, ξi is equal. The
result is a hyperplane that has been pushed forward due to the importan-
ce of classifying green samples correctly to keep the penalty term low.
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Another problem to tackle is the presence of outliers within the sam-
ples in the database. In our database the outliers can appear for many
reasons; for example, the labelled clusters are composed by non-uniform
samples or the labelling propagation procedure is not totally correct. The-
re are many algorithms to detect and remove outliers, but instead of ad-
ding a new step to the recognition process, the Weighted-Support Vector
Machines can be used to handle this problem. An example with synthetic
data is shown in Figure 3.7. The data is divided in two classes with the sa-
me amount of noise. The centroids are represented with a red star mark.
The red line in Figure 3.7a represents the separating hyperplanewith uni-
form weights within samples. The hyperplane obtained is very complex
and some regions are misclassified due to the presence of outliers (i.e.
green area at the top of the figure). The green line in Figure 3.7b repre-
sents the hyperplane obtained with weights defined inversely proportio-
nal to the distance between the sample and the centroid. These weights
are represented with the size of each sample. The result is a more general
hyperplane that seems to generalize better.
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(a) RBF non-weighted SVM
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(b) RBF weighted-sample SVM

Figure 3.7: Example weighted-class Support Vector Machine:
(a) linear kernel; (b) radial basis function kernel. The relation
between classes is 1:10. The amount of noise is the 30%of the
available samples.

The free parameters for the kernel functions used in the Support Vec-
tor Machines are estimated using Grid-Search and Cross-Validation. This
step provides a model to perform classification for new unseen data.
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3.5. Graph-nodes Prediction

In the previous section we obtained clusters, formed by many key-
points, representing the most representative physical elements of the ob-
ject. The next step is to identify these elements by predicting their most
probable class. For this purpose, the model with best result within the
Grid-Search and Cross-Validation process will be used. Considering a clus-
ter with n samples or keypoints the two prediction schemes implemented
are:

Calculate the centroid for the n samples and predict the most pro-
bable class for the centroid. The class assigned to the cluster will be
the same that we obtained for the centroid.

Predict for each of the n samples the most probable class and assign
to the cluster the one with more votes.

The predicted class Cp obtained for the cluster could not be reliable.
There are two main reasons for this drawback. First, high variance within
the samples of a cluster will lead us to error. The cause is that the cen-
troid is not representing the samples accurately or the existence of many
different labelled classes within the cluster samples. Second, the absence
of samples representing that class in the training data. To measure the re-
liability in both scenarios a probability score is used. Setting a threshold
value will ensure no uncertainty in the labelled clusters.

Let us define the probability of a sample xi belonging to the cluster Cp
as pip. Thus, the final score is the average as represented in Equation 3.2,
where n is the number of samples in the cluster.

score =
1

n

n∑
i=1

pip (3.2)

Hence, it is necessary to have homogeneous clusters with high pro-
babilities pip to obtain a global score that exceeds the threshold. Clusters
belonging to a non previous trained class or with high variety within the
predicted classes will have low score. Figure 3.8a shows the clusters la-
belled and the final predicted probability. All the labels assigned with
probabilities lower than 0.6 are useless and its value is set to "None". Fi-
gure 3.8b shows the graph-based representation with the nodes labelled.

Finally, having a system able to assign labels for each node within the
graph, the criteria to search, classify or recognize a new object is up to the
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(a) Recursive clustering labelled (b) Graph-based representation labelled

Figure 3.8:Labelled recursive clustering example andgraph-
based representation: (a) Firstly k-means (k = 8) is applied to
descriptor v. Next, for each obtained cluster optics is applied
to the position p. Keypoints marked in white are outliers; (b)
Graph-based representation for the previous clustering re-
sult. Note that nodes are labelled and the "None" label de-
notes nodes with a probability lower than the threshold, in
this case 0.6.

developer. Given the graph-based representation we suggest to use their
elements and features (nodes, arc and structure) to calculate the similari-
ties and make decisions.
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4
EXPERIMENTS AND RESULTS

To obtain good performance, in computational time and recognition
quality, the different feature extraction algorithms are evaluated in this
chapter. Furthermore, once their main benefits and drawbacks are asses-
sed, the algorithm that best suits the problem or performs generally better
can be selected.

In Section 4.1 the experiments are focused in single view object re-
cognition. The properties and robustness of the feature extraction algo-
rithms are tested within the experiments. First, the section starts compa-
ring the number of detected keypoints depending of the algorithm in Sub-
section 4.1.1. Next, the amount and percentage of correctmatches, tomea-
sure the robustness of the algorithms against transformations, are shown
in Subsection 4.1.2. In Subsection 4.1.3 the computational time for each re-
cognition step (detection, description and matching) is briefly analyzed.
For all the previously explained tests the Lena image is used. Finally, an
evaluation of the behaviour of the algorithms in different databases is ca-
rried on in Subsection 4.1.4. With these experiments a better understan-
ding of the algorithms for single view canonical objects is obtained.

Section 4.2 is focused in the graph-based representation approach pro-
posed to attempt multi-view object recognition. Let us recall the use of a
classifier to predict themost probable class for the physical elements in the
input object. To select the parameters of themodel (classifier) that provide
best accuracy Grid-Search and Cross-Validation techniques are used. The
model selection process and the accuracies obtained are explained grap-
hically in Subsection 4.2.1. Recall that the classifiers used in this project
are the Support Vector Machines (SVMs). The relevance of the different
views for recognition is studied in Subsection 4.2.2, where the particular
objects considered are shoes. Finally, some predicted examples are shown
in Subsection 4.2.3
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4.1. Feature Extraction Analysis

Feature extraction techniques are composed by two main blocks: de-
tection and description. In this section, some detection and description
algorithms and their properties are analyzed. The experiments, conclu-
sions and decisions are also explained.

4.1.1. Detected keypoints

The first block in the feature extraction process attempts to detect the
relevant keypoints in an image. Thus, the first parameter to analyze is the
amount of keypoints detected. In Figure 4.1 the number of detected key-
points are shown for some detectors and images. In particular, the image
used is the same (Lena image) but its size varies. The image sizes are 64x64,
128x128, 256x256 and 512x512 pixels.
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Figure 4.1: Amount of keypoints detected for each detection
algorithm. The sizes used for the square Lena image are 64,
128, 256 y 512.

The algorithmwith the highest amount of detected keypoints is FAST,
while some algorithms perform poorly, detecting only a few points, in
images with reduced size (i.e. STAR, BRISK or ORB). In this first step, it
is preferred to have a large amount of keypoints (they can be filtered in
further steps) than have an insufficient set of detected keypoints for re-
cognition. However, the larger the set of detected keypoints the higher
the computational time needed to describe all of them. In this project the
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algorithms considered are FAST, SIFT and SURF. Any combination of de-
tector and descriptor is feasible and thus the notation usedwill be detector-
descriptor.

4.1.2. Robustness against transformations

The robustness of the feature extraction algorithms against transfor-
mations in the input image is an important factor tomeasure their quality.
In following experiments, the transformed Lena image and the original
one have been matched to quantify their robustness. Since the transfor-
mation is simulated, the ground truth is known; that is, the correct mat-
ches between the original image and the transformed image are known.
A tolerance region around the desired position in the transformed image
is used to define the correctness of a match. Let us define the original
image keypoint p = (x, y), which desired location for a given transfor-
mation is p′ = (x′, y′), and the matched transformed point determined by
the algorithm as t = (x′′, y′′). Note that p and p′ are the same for some
transformations (i.e. illumination or blurring), but could be different (i.e.
scale or rotation) as shown in Figure 4.2 for p3. Given a match < p, t >

determined by the matching algorithm (i.e. FLANN), it will be conside-
red correct if t lies within the tolerance region centered in p′ (green cells
in the figure); otherwise it will be considered incorrect (red cells in the
figure). In this project a 3×3 pixel tolerance region has been used.

p2

p1

p3

Original Image

p′2

p′1

p′3

Transformed Image

t2 t2 t2
t2 t2
t2 t2 t2

t1 t1 t1
t1 t1
t1 t1 t1

t3 t3 t3
t3 t3
t3 t3 t3

t2

t1
t3

Figure 4.2: Example of 3x3 pixel tolerance region for the key-
points p1,p2 and p3. Desired transformed points p

′
i in the

transformed image are represented and the tolerated mat-
ches < pi, ti > are shown in green.

In the results, the left graphic represents the amount of correct mat-
ches within the range of possible transformation values. This measure di-
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rectly depends on the number of keypoints detected and is biased (see Fi-
gure 4.1). Thus, in the right graphic the percentage of detected keypoints
that are correctly matched is represented. Below are the results and con-
clusions for some possible transformations.

A) Scale transformation

It is common to find the same object at different scales in two ima-
ges associated with the same scene, either due to the distance from
which the picture is taken or the device configuration (i.e. zoom). The
amount and percentage of correct matches obtained for different sca-
ling factors applied to the Lena image are shown in Figure 4.3.
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Figure 4.3: Amount and percentage of correct matches (3×3
tolerance region) for different scaling factors and detector-
descriptor combinations.

From the analysis of Figure 4.3, SURF is the most robust algorithm up
to 5, for higher values the robustness deteriorates drastically. Oppo-
site, the behaviour of SIFT is regular within the range of scale factor
values. Recall that the robustness against scale transformations is tac-
kled using the scale space technique; the standard scale space defined
in SIFT (Lowe [21]) has 4 octaves versus the 3 octaves defined in SURF
(Bay [22]). Thus, the regular behaviour of SIFT seems reasonable. In
addition, let us consider very blurred images within the scale space;
that is, last octaves and high blurring factor. The regions of interest
associated to the keypoints are supposed to be very similar due the
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lack of high frequencies. Therefore, the dimensionality of the descrip-
tor vector becomes relevant to discriminate within small variations.
Notice the dimensionality of the descriptor vectors: 128 in SIFT and
64 in SURF. On the other hand, FAST detector provides more detected
keypoints and the amount of correct matches increases.

B) Illumination transformation

This transformation refers to changes in the illumination; that is, va-
riations in the intensity levels of the pixels. These variations can be
produced by the nature (i.e. sunset or sun-shadow) or synthetically
(i.e. camera flash or lights). The illumination transformation conside-
red in the project is uniform, thus an offset is added to the intensity
value for all the pixels in the image. The amount and percentage of co-
rrect matches obtained for different offsets applied to the Lena image
are shown in Figure 4.4.
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Figure 4.4: Amount and percentage of correct matches
(3×3 tolerance region) for different illumination offsets and
detector-descriptor combinations.

Except for the FAST-SIFT combination, which provides the best per-
formance, all the algorithms perform similarly for constant transfor-
mations in the illumination. In Figure 4.4 the performance decrea-
ses when the offset increases. Indeed the behaviour described seems
reasonable. Recall that the robustness against illumination transfor-
mations is tackled normalizing the descriptor vector.
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C) Blurring transformation
The interest of this transformation comes from the acquisition of ima-
ges using devices with poor quality camera, helping to evaluate the
performance in mobile devices (though the cameras in mobile devi-
ces are getting better). To emulate the blurring, a gaussian spatial filter
is used. There are two possible parameters to modify: the mask size,
defined as S×S, and the standard deviation σ in the approximated
two-dimensional gaussian expression.
The percentage of correctmatches obtained for different blurring trans-
formations on the Lena image are shown in Figure 4.5. The combina-
tion FAST-SIFT provides a poor performance and is not represented to
improve the visualization and analysis. The color notation remains the
same; blue, green and red for SURF-SURF, SIFT-SIFT and FAST-SURF
respectively.

Figure 4.5: Percentage of correct matches (3×3 tolerance re-
gion) for different mask sizes (S×S), standard deviations (σ)
and detector-descriptor combinations (colors).

From the analysis of Figure 4.5, SURF is the most robust algorithm for
small transformations, but its robustness deteriorates for large trans-
formations. Opposite, the behaviour using SIFT is regular within the
range of tested parameter values. Recall that the Laplacian of Gaus-
sian (DoG) is approximated accurately in SIFT using Difference of
Gaussians (DoG). However, the approximation used in SURF, based
on Difference of Boxes (DoB), is loosely.
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D) Rotation transformation

The analysis of this transformation emulates the potential rotation suf-
fered on the object due to the acquisition process and device orienta-
tion. The percentage of correct matches obtained for different rotation
transformations on the Lena image are shown in Figure 4.6.
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Figure 4.6: Percentage of correct matches (3×3 tolerance re-
gion) for different rotation angles (in degrees) and detector-
descriptor combinations.

Again, the behaviour using SIFT is regular within the rotation angle
values. Recall that the robustness to rotation is tackled assigning a do-
minant orientation to the keypoint and subtracting it from the des-
criptor vector. Histograms are used to estimate the orientation. SIFT
implements a histogram with 36 containers, thus 36 orientations can
be distinguished. In contrast, SURF calculate the orientations in π

3
ra-

dians windows, thus 6 possible orientations can be distinguished. No-
tice that the matching percent is close to 100% for 90, 180 and 270 de-
grees.

The main conclusion extracted from the experiments is that SIFT and
SURF are robust against transformations. However, the FAST detector is
recommended if the input image and the reference image are the same or
similar. Notice that both, the amount of detected keypoints and the per-
centage of correct matchings, are high. It is important to remember that
FAST is an algorithm for detection, while SIFT and SURF implement both,
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detection and description. The detection and description algorithms can
be combined among themselves. For more information about the robust-
ness of SIFT and SURF consult [42] [43].

4.1.3. Computational time

The computational time is a key factor in real-time applications. This
time can be divided according to the threemain object recognition phases
(detection, description and matching) described in Chapter 2. The three
considered times and a brief intuition aboutwhat they represent are listed
below.

Detection time

Time needed to detect all the keypoints in an image. Given an al-
gorithm, the detection time depends on the content and size of the
image. The detection time varies within algorithms due to the scale
space creation method and the used approximations.

Description time

Time needed to compute the descriptor vector for the regions of in-
terest associated to the previously detected keypoints. The descrip-
tion time depends on the amount of previously detected keypoints
and the algorithm used.

Matching time

Time needed to search matches between two images. The matching
time depends on the amount of keypoints and the dimensionality
of the descriptor vector. It also depends on the type of descriptor
vector; for example, binary vectors are compared more efficiently
using the Hamming distance. Let us notice that detected keypoints
and descriptor vectors for the database images may be previously
calculated and stored. However, it is always necessary to match the
input image with the images available in the database.

To obtain a reliablemeasure of the detection, description andmatching
times 10 realizations were executed and the average time computed. The
analysis considered is the simplest one; that is, the input image and the
reference image are the same, thus the keypoints detected and the des-
criptor vectors are also the same.
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A bar diagram is used to represent the computational times. Each bar
is divided in three sections indicating detection time, description time and
matching time from bottom to top respectively. Thus, the total computatio-
nal time is the sum of the three previously computed times; that is, the to-
tal height of the bar in Figure 4.7. Sometimes, the obtainedmeasure is very
small and difficult to distinguish in the graphics. Figure 4.7a represents
the average computational times for a single keypoint and Figure 4.7b re-
presents the total computational times for the images. In particular, the
image used is the same (Lena image) but its size varies. The image sizes
are 64x64, 128x128, 256x256 and 512x512 pixels.
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Figure 4.7:Detection, description andmatching computatio-
nal times: (a) average computational times per keypoint; (b)
image computational times for all detected keypoints. At the
top of each bin, the total amount of keypoints is indicated.

The SURF implementation proposed by Herbert Bay [22] is outstan-
ding for its computational time improvement; paraphrasing their authors:
“SURF computational time is several times more efficient than SIFT". It is not
possible to obtain a convincing conclusion based only in the information
provided by Figure 4.7. However, seems reasonable to assume that the ef-
ficiency property is not fulfilled for the SURF implementation provided in
OpenCV. Furthermore, the analysis performed in the next subsection will
provide a better understanding and support to this assumption. The next
subsection explains the behaviour of the algorithms when using single-
view object databases with different properties. The big amount of diffe-
rent databases and their different properties is a very common issue. This
particular problem has to be carefully studied and analyzed to select the
correct feature extraction algorithm.
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4.1.4. Single-view Database Performance

The behaviour of the feature extraction algorithms andmatching tech-
niques when working with databases (i.e. composed by images) is very
important. In this section, the behaviour of the algorithms in different
single-view object databases is analyzed. In particular, the objects selec-
ted are book covers. The first database, denoted by BBDD-1, is used to
retrieve images from the database based on content; that is, the descrip-
tor vector singularity is studied.Note that all the book covers are 400×262.
The second database, denoted by BBDD-2, is used to evaluate the beha-
viour of the algorithm in databases with different image sizes. The size of
the images varies from 143×93 to 1186×702. The detailed explanation of
the databases and its images are shown in Appendix A.

Let us continue with the analysis of the computational time to better
understand the correctness of the previously stated assumption. The de-
tection, description, matching and total computational times are shown in
Figure 4.8, together with the amount of keypoints detected for the images
in BBDD-1. Note that the feature extraction algorithms used are SIFT and
SURF. For matching the FLANN algorithm is used.

Figure 4.8: Detection, description, matching and total
computational times, together with the keypoints detected
for the images in BBDD-1. The feature extraction is done by
SIFT/SURF algorithms and FLANN is used for matching.
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Observing the graphics in Figure 4.8, it is possible to state that the de-
tection and matching computational times are negligible in comparison
with the description time for a single image. For this reason, the grap-
hic shape representing the total computational time (sum of the detec-
tion, description and matching times) is similar to the description time
shape. The matching time using SIFT is higher than the matching time
using SURF. The descriptor vector dimensionality (128 for SIFT and 64
for SURF) explains this behaviour. Note that, although matching time is
negligible, can become a problem for large databases. Analyzing the bot-
tom representation in Figure 4.8 some conclusions can be extracted. First,
the amount of detected keypoints is bigger in SURF, remarking the diffe-
rence in the “got-i” book covers. Probably, this difference is caused by the
extensively amount of letters (book title and author) in those covers. Se-
cond, the total computational time is lower in SIFT, evenwhen the number
of keypoints detected are the same (see “hp-7” in the figure). This beha-
viour is held among the databases used in this report and for this reason
extrapolated to other databases. Thus, we can conclude that the previous
assumption - the efficiency property is not fulfilled for the SURF imple-
mentation provided in OpenCV - is correct.

Other important properties are the ability of the algorithms to singu-
larly describe the images and their aptitude to find elements in common;
that is, retrieve images from a database based on their content. To evalua-
te this property, a cross-matching among all the possible combinations of
image pairs within the database BBDD-1 is done. Only the best 200 key-
point matches are considered to avoid the number of detected keypoints
dependence. The result is a square matching matrix (see Figure 4.9). The
square matrix is supposed to be symmetric but, to briefly test the repea-
tability of the behaviour, the triangular-transposition method is not used.
Thus, there exist two direction matches; that is, for a given pair of images
the directions I1 − I2 and I2 − I1 are computed.

Analyzing the results in Figure 4.9 we conclude that both algorithms
describe the image singularly enough to be able to recognize it. This con-
clusion is extracted from the garnet diagonal indicating that the number
of correct matches for pairs Ii − Ii is high. The main difference between
both algorithms resides in the square patterns around the garnet diago-
nal. These patterns correspond to book covers of the same sage, and con-
sequently with common elements. For example, theHarry Potter sage title
or the author name in the Game of Thrones. It is important to notice that
SIFT algorithm (see Figure 4.9b) does not detect those patterns with the
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Figure 4.9: Amount of correct cross matches for all possible
pairswithin the images in BBDD-1.Highlight the garnet dia-
gonal representing the good recognition performance and
the square patterns due to the common elements in the book
covers.

same clarity than SURF, consequently SIFT describes the keypoints more
singularly. BBDD-1 is built under one assumption, all images have the sa-
me size. Usually, this assumption is not held and the available images in
the database have different sizes, furthermore huge differences in size can
lead the recognition algorithms to fail. To evaluate this property, a cross-
matching with the same settings as the previous experiment is done (see
Figure 4.10), but using BBDD-2 instead.

Taking a first look to the results, it is easy to observe that both algo-
rithms are able to recognize the input image (garnet diagonal in figures).
The number of correct matches for “MG-1” is reduced because of the re-
duced size of the image (143×93); that is, the number of detected key-
points is lower than 200. The main feature to stand out resides in the abi-
lity of SIFT to avoid false positive matches (mismatching), even when the
images sizes are very different. Opposite, SURF provides a high amount
of matches with other non-related covers (see Figure 4.10a). For example
the “DB-3” book cover or the two garnet cells out the diagonal correspon-
ding to the pair <DB-3,SR-1>. Note that “DB-3” is the largest image and
SR-1 the smallest one. The difference in the size of the images is a problem
that can be solved in many ways: modifying the size of the images, using
a different measure (i.e. percentage of correct matches) or simply using
SIFT are some possible approaches.

MASTER THESIS



4.2. GRAPH-BASED REPRESENTATION ANALYSIS 73

D
B
-1

D
B
-2

D
B
-3

D
B
-4

D
B
-5

JK
-1

JK
-2

JK
-3

JK
-4

JK
-5

JK
-6

JK
-7

JT
-1

M
G
-1

R
K-
1

S
M
-1

S
M
-2

S
M
-3

S
M
-4

S
R
-1

Images

DB-1
DB-2
DB-3
DB-4
DB-5
JK-1
JK-2
JK-3
JK-4
JK-5
JK-6
JK-7
JT-1

MG-1
RK-1
SM-1
SM-2
SM-3
SM-4
SR-1

Im
a
g
e
s

Matching matrix DB

20

40

60

80

100

120

140

160

180

200

(a) SURF matching-matrix

D
B
-1

D
B
-2

D
B
-3

D
B
-4

D
B
-5

JK
-1

JK
-2

JK
-3

JK
-4

JK
-5

JK
-6

JK
-7

JT
-1

M
G
-1

R
K-
1

S
M
-1

S
M
-2

S
M
-3

S
M
-4

S
R
-1

Images

DB-1
DB-2
DB-3
DB-4
DB-5
JK-1
JK-2
JK-3
JK-4
JK-5
JK-6
JK-7
JT-1

MG-1
RK-1
SM-1
SM-2
SM-3
SM-4
SR-1

Im
a
g
e
s

Matching matrix DB

20

40

60

80

100

120

140

160

180

200

(b) SIFT matching-matrix

Figure 4.10: Amount of correct cross matches for all possible
pairs within the images in BBDD-2. Highlight the bad per-
formance using SURF due to the difference of the size for
images DB-3 andMG-1, biggest and smallest images respec-
tively.

To generalize the conclusions extracted in the previous experiments
a real database is used. The database contains book covers collected by
OpenLibrary 1. Under the slogan “one web page for every book ever publis-
hed", they have over 1.000.000 free ebook titles available and even more
book cover images. A portion of this database, in particular 1000 book co-
vers, have been used to repeat the previous experiments and thus, check
and verify the previously extracted conclusions.

4.2. Graph-based Representation Analysis

The databases used in previous experimentswere characterized by the
existence of one single canonical view for the object (i.e book covers in this
report). Most of the objects in the real world have several canonical views
due to their 3D structure. The proposed graph-based approach drops the
single-view assumption into a more general recognition problem. In this
project the objects to classify/recognize are shoes. The first multi-view
database, denoted by BBDD-3, is composed by generic images of shoes
taken from different views. It is called generic because the same number
of canonical views is not required for each shoe. Intuitively, not all the
views for an object are equally important and there could even be views

1Link OpenLibrary: http://openlibrary.org
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with no information at all. To perform this experiment a new database,
denoted by BBDD-4, with five different views for each object is used. The
experiments related to the graph-based representation are performed and
commented in this section.

4.2.1. Model Selection

The aim of these experiments is to train the classifier with the samples
available in the database to select that model providing the best perfor-
mance. The classifiers selected for this project are the Support Vector Ma-
chines and their theoretical backgroundwas explained in Subsection 2.2.1.
To estimate the values of the free parameters providing better performan-
ce in completely unseen samplesGrid-Search andCross-Validation are used.
The combination of these techniqueswas explained thoroughly in Subsec-
tion 2.2.2

The set of samples in the database are normalized before performing
the search process and cross validation. The number of samples for each
class is not the same and a weight term, inversely proportional to the
amount of samples available, is used to overcome the difference. Let us
define two classes C1 = {(xi, yi)}n=100

i=1 and C2 = {(xi, yi)}n=10
i=1 , where n

is the amount of samples for each class. The weight associated with the
misclassification of a sample belonging to Ci are 0.01 and 0.1 respectively;
that is, a C2 misclassification is more penalized than a C1 misclassifica-
tion. The influence of outliers can lead the classifier to find very complex,
maybe just wrong, hyperplanes. To palliate the presence of outliers, anot-
her weighted term is used. Let us define the sample (xS, yS), where xS is
the feature vector and yS the assigned class, and assume that the sample
belongs to the previously defined class C1 (indicated by its label yS). The
centroid is calculated as the average of all the samples belonging to the
class C1. The weight term for the sample is stated in Equation 4.1, where
N is the amount of elements in Ck and Φ is any function inversely propor-
tional to the distance between the sample and the centroid. For example,
the functions Φ(d) = 1

d
or Φ(d) = 1

exp(d)
can be used, as the distance d is

always positive the behaviour of the function for negative d values are not
considered. The result is a more general hyperplane that seems to gene-
ralize better.

weight(xS, Ck) = Φ

(
‖xS −

1

N

∑
x∈Ck

x‖

)
(4.1)
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The different trainedmodels and their scores are shown in Figure 4.11.
The models are represented sorted by their accuracy in the x axis and the
y axis shows the accuracy value. The kernel is indicated by the color of the
circle; red for linear kernel, green for polynomial kernel and blue for the
radial basis function kernel. Regarding the free parameters: the degree d
in polynomial kernels is inside the circle and the parameters C and γ are
at the bottom and top of the circle respectively. To easily identify the value
of these parameters a range of colors is used. Blue represents low values
while pink represents high values.
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Figure 4.11: Models sorted in ascending order by their accu-
racy. The training set represents the 70% of the samples in
the database. Grid-Search and Cross-Validation with v = 5
folds was used.

The training set is divided into v = 5 folds with the same size. For each
fold, the accuracy of the classifier trained with v − 1 fold is evaluated in
the remaining fold. The accuracy shown in Figure 4.11 is the average of
the accuracies obtained for all the folds. The best rated model is a Sup-
port Vector Machine with a radial basis function kernel, where the free
parameters are C = 100 and γ = 0,01. The performance provided by this
model, using the evaluation set with unseen samples by the classifier, is
shown in Table 4.1. The precision, recall, f1-score and support are shown
individually for each class. We conclude that classification using SVMs
performs with an average accuracy of 97%. Recall that the images of the
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shoes in the database were taken from different positions not restricting
ourselves to a single canonical view.

class precision recall f1-score support
DC 0.88 0.85 0.87 696

achilles 0.94 0.96 0.95 671
ankle 0.97 0.96 0.97 1066

button 1.00 1.00 1.00 58
converse 1.00 1.00 1.00 351

cord 0.99 1.00 0.99 3665
cue 1.00 1.00 1.00 678
dots 0.98 0.93 0.96 212

double-sewing 0.98 1.00 0.99 711
elastics 1.00 0.99 0.99 310
lacoste 1.00 1.00 1.00 338
lecoq 1.00 0.97 0.99 160
line 1.00 0.99 0.99 376
nike 0.99 0.99 0.99 812
relief 1.00 0.99 1.00 636
ring 0.98 0.97 0.97 490

running 1.00 1.00 1.00 160
single-sewing 0.76 0.78 0.77 398

spring 1.00 0.99 1.00 107
straight 0.99 0.97 0.98 151

triang-sewing 1.00 1.00 1.00 389
avg / total 0.97 0.97 0.97 12435

Table 4.1: Table with the scores obtained for each class and
average score. Note that the observations used have not been
previously seen by the classifier and support indicates the
number of samples of that class in the overall evaluation.

4.2.2. View-relevance and performance

As mentioned before, the object can have several canonical views and
not all of them are equally important. A matrix form representation (see
Figure 4.12) is used to show the relevance of each of the views when trai-
ning the classifier. In the y axis the views used to train the classifier are re-
presented (we use 70% of the training samples) and the evaluation views
are placed in the x axis. The accuracy obtained within the range [0,1] is
shown by the color of the cell. Note that the database used to create the
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Figure 4.12 has five different views for each object, considered by us as
canonical views.
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Figure 4.12: Accuracy matrix obtained for different views.
The views [0] and [1] are closely related and both contains
the most of the relevant information. Note the garnet diago-
nal as an indicator for the good performance of the SVMs.

The most important conclusions we draw from the result obtained
when using the BBDD-4 database to train the classifier are:

If the training data adequately represents all views, the accuracy
obtained for each view separately or any combination of them per-
forms good. If we look at the last row (where the training set is [0,
1, 2, 3, 4]) the accuracy obtained reaches values over 0.95 for any
combination of views in the x axis.

For any view, trained with 70% of its available samples, the Sup-
port Vector Machines are able to detect the patterns needed to achieve
good prediction results in the evaluation set (30% remaining sam-
ples). This fact is represented by the garnet diagonal.
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If two views of the object are very similar, the information provided
by one of them is enough to get a good prediction result. In the first
two rows of the Figure 4.12 the accuracies obtained by training with
the view [0] and [1] are very similar.

Some views are more representative than others. In Figure 4.12 any
combination where view [0] or [1] is used to train provides accepta-
ble accuracy values. In contrast, those combinations in which both
views [0] and [1] are not used provide a low accuracy result. In par-
ticular, they are not able to obtain high accuracy for the following
evaluation sets [0], [1], [0,1] and [0,1,2,3,4].

From the results obtained and explained in this section we can state
that SVMs are able to extract the patterns needed to get a good classifica-
tion performance in new completely unseen samples. It is also interesting
to analyze the possible views available within the database and thus avoi-
ding redundant information.

4.2.3. Graphic Results

In this subsection some classification and recognition graphic results
are shown to the understand previously explained concepts graphically.
No further conclusions are extracted from the following images. Figu-
re 4.13 and Figure 4.14 show the original image, cluster analysis result
and labelled graph-based representation for a boot and several views of a
casual shoe respectively (more examples in Appendix C).

(a) Original image (b) Boot clustering (c) Boot labelled graph

Figure 4.13: Boot example: (a) original image; (b) cluster
analysis result; (c) labelled graph-based (k = 7 closest no-
des) representation for the object. Note the clustering uses
k-means on v and optics on p recursively.
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Figure 4.14: Examples of recursive cluster analysis, graph-
based representation andpredicted labels for different views
of the same shoe.
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5
CONCLUSIONS

In previous chapters the context of the project, the related background
and the proposed approach have been explained. Furthermore, some ex-
periments have been performed to evaluate the robustness of feature ex-
traction algorithms, to select the model (classifier) with the best perfor-
mance and to evaluate it in different views. This last chapter presents the
main extracted conclusions and suggests future lines of work.

5.1. Conclusions

The main conclusion following the completion of this final project is,
without doubt, that computer vision is a research field growing constantly
that requires huge amount of knowledge. This knowledge can vary from
basic concepts in image processing, such as lighting changes or transfor-
mations to other spaces (Fourier transform, Hough transform) to advan-
ced concepts of segmentation, graph theory and feature extraction, to na-
me a few. Below are some of the particular conclusions extracted after the
completion of this project.

Choosing the right (maybe ideal) feature extraction algorithm is a
difficult task. Based on the results, SIFT performs generally better
than SURF and its computational time is smaller in the OpenCV im-
plementation. Furthermore, keypoints detected and described with
SIFT are valid to tackle classification and recognition.

The selection of the free parameters for the model (classifier) using
Grid-Search and Cross-Validation has a direct impact on the quality
and accuracy of the classifier for new unseen samples.

Support Vector Machines are able to extract the necessary patters
within the data to provide good results in multi-view object recog-
nition and classification.
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The cluster analysis and the graph-based representation of the ob-
ject open a new range of possibilities. The introduction of new fea-
tures to an observation x (i.e. correlation between samples within
a clusters), the application of structured learning and prediction al-
gorithms (i.e. SO-SVM) and the use of graph-theory algorithms to
create, search and compare graphs are some examples.

5.2. Future Work

The improvements that can be added to the algorithms are countless
and in fact, because this is a current research field, many of them are li-
kely to be developed in the future. Among the improvements considered
relevant should be highlighted:

A) Increase of the robustness of the algorithms against geometric affine
transformations, because they are one of the most common transfor-
mations when capturing an image with the mobile device. The met-
hoddeveloped by JeanMichelMorel andYuGuoshen calledASIFT [24],
may be effective but also the increase in the number of false positives
due to the increase (perhaps excessive) in the number of keypoints can
lead to errors.

B) A mathematical measure for the clustering performance could help
to choose the number of recursions and the dimension to be applied
(descriptor vector or position) for each particular image, providing
better results. This measure should penalize both, very low and very
high amount of clusters.

C) Store a larger amount of information for each node in the graph. Since
each node represents a set of points, makes sense to store in addition
to the descriptor vectors information about the distribution of the key-
points in the cluster (i.e. the correlation).

D) Use of dimensionality reduction techniques to select the features that
really contains the relevant information.

E) The use of complex graph theory could help to create a better graph-
based representation of the object. For example, a mask obtained with
the segmentation of the image in background and foreground could
be used to filter those edges connecting two non-related nodes; that
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is, using searching algorithms only arcs lying on the foreground can
be used to create the graph.

F) Since there are multiple canonical views of the object available in the
database, a similar idea to the one proposed by Rothganger et al [38]
could be used. Their approach represents the object in 3D and sub-
sequently divide it into smaller and invariant patches. The detector
and descriptor is computed on these patches and the 3D information
is stored in addition to the descriptor vectors. Instead of dividing the
object into patches, a 3D graph representing the object by its most im-
portant elements can be created. Furthermore, methods evaluated in
this project could be applied.

G) A probabilistic estimate of the 3D object model [44] could help to de-
termine which object views are most important, and the number of
points of interest to be extracted from each view [45]. Inversely, we
can estimate the available input view provided as input to the system
by using the graph structure.

H) An efficient search of the object to be recognized in the database. One
approach to reduce the search time is to use the statistics stored in the
database [46].
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A
SINGLE-VIEW OBJECT DATABASES

The used database for the experiments with single canonical view ob-
ject are explained below.

A.1. BBDD-1

The main objective is to evaluate the ability of retrieving images from
a database based on content. This database is composed by book covers
from 4 different sagas: Fifty shades of Gray (3 covers), Game of thrones (5
covers), Harry Potter (7 covers) and The hunger games (3 covers).

Thus, there are 18 covers available in the database, one for each ca-
nonical view of the book. All the covers are the same size, particularly
400×262 pixels, and were downloaded from Google Images. The complete
database is shown in Figure A.1.

(a) fsg-1 (b) fsg-2 (c) fsg-3 (d) got-1 (e) got-2 (f) got-3 (g) got-4 (h) got-5 (i) hp-1

(j) hp-2 (k) hp-3 (l) hp-4 (m) hp-5 (n) hp-6 (ñ) hp-7 (o) thg-1 (p) thg-2 (q) thg-3

Figure A.1: Book covers in BBDD-1.
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A.2. BBDD-2

The main objective is to evaluate the ability of singularly describing
the images to outperform the different size images issue. This database is
composed by 19 book covers, each one representing the single canonical
view of the book.

The sizes of the images varies in the database from the smallest image,
“SR-1”with 143×93 pixels (see Figure A.2m), to the biggest image, “DB-
3” with 1186×702 pixels (see Figure A.2c). They were downloaded from
Google Images and the complete database is shown in Figure A.2.

(a) DB-1 (b) DB-2 (c) DB-3 (d) DB-4 (e) DB-5 (f) JT-1 (g) MG-1

(h) RK-1 (i) SM-1 (j) SM-2 (k) SM-3 (l) SM-4 (m) SR-1 (n) JK-1

(ñ) JK-2 (o) JK-3 (p) JK-4 (q) JK-5 (r) JK-6 (s) JK-7

Figure A.2: Book covers in BBDD-2.
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B
LABELLING GRAPHIC INTERFACE

This appendix shows two graphic examples for the labelling graphic
interface created to assign human-understandable labels to the objects
within the database. The interface provides elements to shift within the
set of images to label;Prev button andNext button tomove among the ima-
ges sequentially and the bottom bar to select the desired image manually.
Different display options to select the elements to show are available for
the user: keypoints, centroids, labels and background color. The labelling
of the keypoints can be done in two differentways: centroidmode and lasso
mode.

In the Centroid mode initialization (see Figure B.1a) the algorithm com-
putes the clusters automatically (represented by colors). In addition, for
each cluster the centroid (represented with bigger size) is calculated by
the average of all its assigned keypoints. Then the user can select one or
more clusters by clicking in their centroid. Note that the closest centroid
to themouse position is shown and highlighted automatically (yellow box
and white circle). Once the label is introduced, for the centroids it is pro-
pagated to all their associated keypoints. This method does not allow an
exhaustive keypoint selection and it is dependent of the clustering algo-
rithm. The selected clusters and those already labelled are shown in whi-
te.

In the Lasso mode initialization (see Figure B.1b) an exhaustive selec-
tion of the keypoints is allowed. Previously labelled keypoints are displa-
yed with different colors. The color is different depending on the cluster
they were assigned to. Those points that lie within the area selected by
the user (delimited by the blue line) are highlighted in white and the rest
are transparent. Once the label is introduced, it is propagated to all the
selected keypoints. This method allows to group and label the keypoints
as they are perceived by the user.
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4 APPENDIX B. LABELLING GRAPHIC INTERFACE

(a) Graphic interface in centroid mode

(b) Graphic interface in lasso mode

Figure B.1:Graphic interface initiated in differentmodes: (a)
centroid mode; (b) lasso mode.
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C
GRAPH-BASED REPRESENTATION EXAMPLES

(a) Running clustering (b) Running labelled graph

(c) High heel clustering (d) High heel labelled graph

Figure C.1: Examples: (a) and (b) Clustering and graph-
based representation (k = 7) for a running shoe; (c) and
(d) Clustering and graph-based representation (k = 7) for
a high heel shoe with plates.
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(a) Boot clustering (b) Boot graph

(c) Football boot clustering (d) Football boot graph

(e) Original high heel shoe(f) High heel shoe clustering (g) High heel shoe graph

Figure C.2: Examples: (a) and (b) Clustering and graph-
based representation (k = 5) for a boot; (c) and (d) Clus-
tering and graph-based representation (k = 7) for a football
boot; (e), (f) and (g) Clustering and graph-based representa-
tion (k = 5) for a high heel shoe.
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