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1 Introduction
The need for automatic image content analysis is increasing with the amount of digital images
in private or business collections. This thesis deals with the automatic classification of image
content. As the human visual perception builds the basis for an automatic approach, Section
1.1 gives an introduction to this field of science. Section 1.2 introduces a machine vision coun-
terpart and the main research field of this work, content-based image retrieval (CBIR). This
research focusses on the local features of images for content-based retrieval, which are outlined
in Section 1.3.

1.1 Human Visual Perception
Primates obtain important information about their surroundings through visual information.
Seeing, understanding and interpreting one’s subjective environment is a fascinating process
covering several fields of science. It is one of the rare connectors of humanities and sci-
ence, where many different fields have their own theories. Probably beginning with ancient
philosophers (see Socrates’ definition of shapes [73]), visual understanding has always been a
challenging field of investigation, including religious questions in former centuries as well as
neurobiological research in the last one. With the invention of photography, the comparison
between the human eye and optical devices arose, as shown in Figure 1.

Distinguishing and recognizing different objects is of great importance in the mental ab-
straction process. In many biological vision systems this process starts at the retina. The retina
converts an electromagnetical stimulus of a light beam using the rods and cones into nerve ac-
tivity. Besides registering the intensity and the wavelengths of the light, the retina also performs
a multi-scale pre-processing of the elementary features present in the scene. These elementary
features are for example blobs, bars and edges [38, 29].

In computer science, the retinal processes are simulated using digital information visualized
as digital images. Pixel information is interpreted into light intensity or colour information, and
image processing tries to extract early visual features to simulate the abilities of the retina. In
the computer an image consisting of pixels can be seen as a snapshot of the electromagnetic
stimulus of the eye at a certain moment. The first step is to derive the basic features from the
image. At this stage, where no semantic information is present, there is no actual understanding
of the scene taking place in the human visual perception. Nevertheless, some spots of a scene
are regarded to be more important than other ones, even without prior knowledge [33].

This is one connection to a machine’s task: There is no understanding of a visual scene
happening when focussing towards the important parts of a scene. Therefore, it could be possi-
ble, that computers simulate this early feature extraction. From the information provided by the
retina, the elementary features are grouped together into units that make up the objects. This is
not fully understood, but we tend to do this according to a set of principles called “the gestalt
principles of organization” (e.g. [94, 62, 28]), which are probably innately specified [26]. These
steps can be seen as the syntactic steps.
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Figure 1: The comparison of the human eye and camera has been very obvious at a certain scale
and point of view. From [4].

The next step is to identify the objects and associate a meaning with them; this can be
considered the semantic step. The principles behind this process are not clearly understood al-
though theories exist. The two dominant theories in this field are template matching (e.g. [68])
and feature analysis (e.g. [42]). In template matching, the object as perceived is compared to a
model of the object. Based on the differences and similarities the approach judges whether the
perceived object falls into the same category as the model or not. In this context, templates are
often two dimensional.

Feature analysis theory covers the approaches in which the percieved data is segmented into
elementary components. In this work, we will focus on this theory. The basic idea behind it
is that an object can be interpreted as a configuration of known, simple objects. This means
a hierarchical approach towards recognition, where the hierarchy is often related to the scale
of inspection with respect to a primate’s high abstraction and understanding possibilities it can
also be a hierarchy of interest.

In [5] a theory is proposed in which objects are segmented into basic geometrical shapes
like cones, cylinders, cubes, etc. which are called geons. The mutual positioning of the geons
defines a pattern that can be matched to known patterns. However, at any time there must be a
matching between the perceived data and prior knowledge. In template matching, we typically
encounter a two dimensional template matched with the perceived data. In a feature analysis
based approach, multiple high dimensional features are compared to prior features. The more
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features of one object match, the more certain is the recognition.

All of the steps described above are performed at multiple scales. Based on their global
structures, classes of objects can be recognized. At a finer scale, specific instances of an object
class can be distinguished. This kind of multiscale analysis can be used to derive a hierarchical
structure which abstracts the scene.

Another hierarchy that can be obtained by multi-scale analysis is collecting multiple objects
into one. For example, if a large number of trees is perceived from a large distance, the indi-
vidual trees cannot be distinguished. We recognize the trees as a forest. Moving closer allows
us to observe the forest at a finer scale at which individual trees can be distinguished. When
observing the trees at an even finer scale, leaves can be recognized. The basic idea behind
these observations is that different things are observed, depending on the scale at which it is
perceived. Note that this idea is not just restricted to object recognition. It applies also to other
areas of science; for example when Mandelbrot wondered how long the coastline of Britain is
[51].

With this biological model we are well equipped to do some computerization of the process,
which can be used in many settings. In this research, the focus is on the classification and
retrieval of image data in a large database. In the following, the task of content-based image
retrieval is described.

1.2 Content - Based Image Retrieval (CBIR)
The term of CBIR first appeared in a paper by T. Kato [34] to describe automatic retrieval of
images from a database based on visual features, such as colour and shape. The first commer-
cial CBIR system, QBIC1 (query by image content) was designed by IBM in the early 1990s.

In many areas of our daily life we encounter large collections of digital images. In various
fields of commerce, government, academia, hospitals, and the media content creation business,
a huge amount of images is being created. Content-based image retrieval is the task of retriev-
ing relevant visual data from a large collection on the basis of a user query. Keyword archiving
and keyword searching has been the usual way of indexing and retrieval, with their known ad-
vantages and drawbacks: Manual keyword indexing takes a lot of time for the actual indexing,
but leads to a fast and reliable retrieval. Automatic keyword indexing on the other hand would
be very fast [44]. Unfortunately, these automatic approaches tend to be inaccurate.

However, the possibilities for these annotations are always in predefined boundaries. If a
needed property of the data has not been described, a retrieval based on this property is not
possible. A good example is the use of image retrieval in medical databases. Using image data
of other patients for diagnosis, the ways of querying will differ from case to case. Moreover,
the important properties of the image data is not a priori known. The staging of a patient’s
therapy or the retrieval of images with similar diagnostic findings in large electronic archives is

1http://wwwqbic.almaden.ibm.com/
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Figure 2: Content based image retrieval framework. From: [92]

a very diverse task. Additionally, the indexing process needs medical expert knowledge and is
therefore very rare and expensive [40].

Computers do not understand the actual content of the image, but still there are some tasks
that can be performed by machines. One way to achieve a retrieval of related data in huge
databases is to use a query image as input. The user may also generate this image on the fly
when drawing a sketch into the application itself. The goal is the computation of image features
within images, and the use of those features as query terms. The basic components of a content
based image retrieval system are shown in Figure 2. A survey of existing systems can be found
in [13, 92].

Concerning personal digital image collections, there has been a rising interest in content-
based query systems. The typical amount of images a contemprorary digital camera user owns
has increased dramatically in the last years. Most of the time, the users neglect a proper organi-
zation or annotation of their personal image collections. When there is no proper description of
the images besides the one provided by the camera itself (e.g. date, exposure time, focal length,
aperture, etc.), queries based on the content would be the most appropriate way to search for
images in private collections [65]. In the following, the three main ways of querying are de-
scribed.
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Figure 3: Query by example image, one way of image retrieval. The query image (top left) is
here compared to the database based on global colour features. From: [23]

Query by example uses the users’ chosen image as the basis for the retrieval process. A
screen shot of a query and its results is given in Figure 3. Perhaps the most successful and
famous applications are presented in [10, 75, 76]. Similarity is measured between the query
image and images in the database. Relevant to this work, the approaches are often based on
local low level features, and therefore these features are extracted from the query image and
then compared to the local features of all other images. A ranking of these similarities provides
then a list of the most probable matches. In this approach a ranked list of images is returned by
the system. The user gets a small, convenient collection of images from which to choose.

Query by sketch The need of an example image can be a drawback. The approach from [14]
overcomes this constraint. The user draws a sketch of the image or a colour distribution into
the application, and the query is carried out with that sketch (see Figure 4). A sketch often
consists of a multitude of overlapping lines which give a rough structure of the desired image.
Colour distributions contain colourful areas to roughly match the resulting images. Providing a
good sketch is nevertheless not always easy. Additionally, it makes no sense to compute local
features from these sketches, as they contain only rough colour and structure information.

Semantic retrieval From the users’ point of view, probably the most convenient way for re-
trieval would involve a direct query, also referred to as semantic retrieval. The user makes a
written request about the content of the image, and the system retrieves relevant images. For
current implementations, this is very hard to achieve.
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Figure 4: Query by sketch. The user draws a sketch of an image, or gives a colour distribution.
The CBIR system compares it to the image database and gives results. From: [53]

1.3 Overview of the Thesis
Regarding the local features for image classification, this work focuses on the region extrac-
tion. This is the first stage in gathering local features of images, and it is broadly accepted
that it is crucial for a usable description of the images. Focusing on features for colourful ob-
jects, the use of colour can have a distinct advantage in localizing the salient points of the image.

Various saliency based approaches that try to simulate the primate’s visual cortex are re-
viewed. The review leads to a combination of the broadly established corner detection and a
salient based approach: Corners provide very stable interest points, and corners of colour im-
ages can improve their distinctiveness. A statistical analysis of the colour distribution and the
use of different colour spaces adapted to primate perception connect the fields of visual saliency
and illumination based interest point detection to one stable saliency measurement.

All the recognition tasks of primates work at different scales. A new method for the auto-
matic determination of the characteristic scale of a region is proposed. The scale determination
is separated from the actual corner extraction, where the colour is transformed to a one dimen-
sional distribution to provide another “perspective” on the colour distribution of the image.

Using a determination with colour information in different colour spaces, the interest points
gain distinctiveness and stability. The shifting of interest points towards colour differences leads
to a different focus of interest points, which can be very useful in colourful images and natural,
cluttered scenes.

The strucutre of the thesis is presented in detail below:
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Section 2 presents work that is related to this research. We begin with visual saliency in
Section 2.1, explaining its need and use in computer vision. Giving an overview of its very
different approaches, different definitions of regions of interest are shown. Focusing then on
corner detectors, the state of the art of these interest points is given chronologically. Within
Section 2.2, the origin of the contribution of this research is defined. Section 2.3 gives an
overview of the ways of describing local structures for image retrieval, which is then finalized
with the main ideas of descriptor matching in Section 2.4.

In Section 3 the methods used in the software prototype developed to demonstrate the con-
tribution of this thesis are presented. Based on the three steps of this image retrieval approach,
the software is divided in three phases: The interest point extraction in Section 3.1 to gather
useful and stable localisations for the subsequent description phase (Section 3.3). In this phase,
the extracted interest points are used as the basis for the local description of the neighbourhood.
Section 3.4 describes the matching algorithm in detail, which provides the final classification
result of the retrieval task. The interest point extraction uses colour Harris corner detection
in various colour spaces, and a newly proposed automatic scale selection based on statistical
analysis of the given colour distribution.

Section 4 presents the experiments carried out with the new interest point detector and the
software prototype. Repeatability experiments are shown in Section 4.2. To show that the new
interest points gain performance in stability and information content, further experiments are
done. In Section 4.3, the image retrieval experiments are described and the results are discussed.
Both geometric and illumination changes are evaluated, and the new approach is compared to
existing implementations in this field.

Section 5 summarizes the contribution and the results presented in the thesis. An outlook to
future work and possible applications for the local colour features is given.

10



2 A Review of Local Image Description for CBIR
Approaches for matching images are very diverse in their principles and much research has
been done in the last decades. Common in most approaches is the strategy to select some points
or regions in the images and match these patches only. In this respect, certain image data is
disregarded at an early stage. As will be shown in the following, this is not only a matter of pro-
cessing time, but a matter of focus. The extraction of meaningful, stable and invariant locations
is a crucial step for the whole process of recognizing visual input. The more discriminative the
locations are, the more general the descriptors can become. The less ambiguous the locations
that are described are, the more meaningful the descriptors that can be achieved will become.
Therefore, the choice of right locations may result in a gain of performance.

In the literature, these locations are referred to as salient points, regions of interest, focus
points, or interest points. The concept of an interest point was first defined by Moravec in 1977,
who proposed a corner detector which is the basis for this research. We will follow this nomen-
clature and refer to extracted corners as interest points.

Other salient points rely on different assumptions: As the task of matching images and ob-
ject recognition is fulfilled by primates very well, one strategy is to try to simulate the primate’s
visual system. Approaches to do so are presented in Section 2.1. All these approaches depend
on observations in fields of neurobiology and psychology which try to explain the procedures
taking place in a primate’s image understanding process. Based on these insights, these al-
gorithms try to simulate the procedures by machines. As it is broadly accepted that the first
focusing takes place before the actual understanding of the scene, some of these mechanisms
can be simulated by low level algorithms.

Section 2.2 describes the development of the Harris corner detector. This corner detector
represents the non-saliency based approaches that are very powerful in many applications. Us-
ing corners is not very easy to explain from a neurobiological point of view, although some
theories have arisen in the last years (Section 2.1). From a computer science point of view,
corners provide very stable locations, which are highly needed for successful matching. Using
different colour spaces as a basis of the interest point extraction (Sections 2.2.4 and 2.2.5), the
primate colour perception is simulated. To follow one of the principles of visual saliency, the
occurence probability of a colour is taken into account for the interest point extraction in Sec-
tion 2.2.6.

Having extracted these locations, a smaller part of the image is selected for the description
phase. For the matching, these regions have to be described. Section 2.3 gives an overview
of common local description techniques. Beginning with the very straightforward patch sam-
pling approaches, the most reliable SIFT descriptor (Section 2.3.3) and its enhancements are
then shown. Section 2.3.4 points out newer colour description techniques, which can be used in
parallel with the intensity based SIFT descriptor.

Section 2.4 summarizes the possibilities for matching the proposed local features. The
similarities and the discriminative possibilities of these methods are shown.
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2.1 Visual Saliency
Saliency is a broad term describing the quality of an entity of “standing out” relative to neigh-
bouring entities. It can apply to any perception, item or feeling. This work investigates visual
saliency only, and this is therefore referred to as saliency. Salient regions “pop out” of the vi-
sual input and create some form of visual arousal in the early, pre-attentive stages of the visual
system [33]. For primates, a typical visual scene contains too many objects to be processed by
the visual system at any given time. Therefore, additional mechanisms are needed to limit the
data to visual objects that are currently relevant to the behaviour [15]. In cluttered visual envi-
ronments, conspicuous objects are detected in real time by the use of saliency based attention
processes [30]. Regarding image classification systems, the same issue arises: Diminishing the
input data and discarding the irrelevant information is not only a matter of computational power
and performance, but a mandatory constraint for interpreting a scene. The salient points are
interesting for capturing the local image information, because they are located in visual focus
points [82].

Visual attention is a subconscious process of the human visual system. The focus of atten-
tion is drawn to certain objects in that scene. The physiological and psychological processes of
the primates’ visual attention are not fully understood [7].

The predominant model for visual attention is that attention serves to enhance the response
of neurons representing stimuli at a single behaviourally relevant location in the visual field
[15]. Similar to numerous psychological models, a spotlight of attention [31] is shifted through
the scene until the search task is fulfilled. There are a number of phenomena that are known to
draw the attention in a visual scene including movement, shape, colour, or contrast in relation
to the background [78]. Similarly, the model of visual attention via selective tuning [85] deals
with the interaction between the input data itself and the relation between diverse perceptions
using neural networks . The approach was proposed in [84] and is also referred to as the in-
hibitory beam model.

The biased competition theory of attention [15] is an alternative to these models. The effect
of attention is best understood in the context of a competition between all other stimuli in the
visual scene. The competition results in a focus on a few points of attention in the visual scene
selected by anomalies in a scene. Regardless of whether the visual scene has been seen before,
the attention is generally drawn to the anomalous object of the scene [80]. Another new aspect
of this model is the fact that the subconscious process of attention focusing is a strict neurobio-
logical process and is thus not affected by prior experience.

The important fact is that saliency-based approaches are not cognitive processes as there is
no symbolic representation. The approaches are emergent as they try to adapt to scenes inter-
actively and tend not to rely on prior specifications [93]. It is widely accepted that low level
vision tasks are independent of context [33].

Saliency implies rarity [33]. The problem of this definition is the way in which the rarity is
measured. If the parameters and descriptors are very distinctive, everything tends to be rare. On
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the other hand, if the description is very general, salient regions will disappear. One of the main
problems of saliency based algorithms is the setting of an appropriate level of discrimination.
This is also addressed in the theory of probabilistic saliency [3]

In the literature, saliency is often divided into two parts: Bottom-up models and top-down
models. Bottom-up models define neurobiological low level processes, most of the time without
using prior knowledge or memory of the scene. It involves fast, and often compulsory, stimulus-
driven mechanisms. Particular parts of the visual input are selected based on the properties of
that input. It is a pre-attentive behaviour of the primate’s visual system, often also referred to as
bottom-up saliency, bottom-up selection, or bottom-up effects.

On the other hand, top-down models, top-down saliency, top-down selection, or top-down
effects are part of the primates’ conscious behavior. It is a slower, goal-directed mechanism
where the observer’s expectations or intentions influence the allocation of attention. For pri-
mates, they are caused by context understanding, memory, and different search tasks and moti-
vations. Generally, attention selection and consequently, eye movements, are determined by the
combination of stimulus-driven and goal-directed mechanisms [63].

In the following, several approaches for detecting salient regions are presented.

2.1.1 Instantaneous 2D Attention-Priority Maps

These maps give a straightforward measurement for saliency in image data. In this section,
several instantaneous 2D attention-priority maps for simulating eye movement are described
[9]. These maps are often part of the more complex approaches in the following sections. The
algorithm is straightforward and high performance. It can be carried out in parallel, while for
real time systems, the simple calculations can be programmed in special processing units.

The basic principle is that the variance of a certain property of the data gives a good idea of
the rarity of a location. This is referred as a variance map of patch V . Having an image attribute
A(i, j) at the location i and j, and a m×n sized patch p, the contrast is given by

Vp =
m

∑
i=1

n

∑
j=1

(A(i, j)−Ap)2 (1)

where Ap is the mean of the attribute of the patch. This can be the intensity of the pixels, as is
normally used. [9] suggest that eye movements tend to be guided toward regions where pixel
intensities are decorrelated. This is refered to as the intensity variance map. Additionally, other
attributes of the pixels can be used, which provide maps of orientation, colour moments, or
motion, just to mention a few.

A very similar measurement is the contrast Cp proposed in [63]

Cp =

√
(2r)−2

m

∑
i=1

n

∑
j=1

(
A(i, j)−Ap

)2 (2)
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where the nomenclature is as in Equation (1) and r is one half of the image patch width in
pixels. It performs equally well, but is capable of dealing with different patch sizes. This allows
a more general approach, which can be carried out in different scales and therefore provides a
comparable attention measurement for different area sizes. This can be an important ability for
a reasonable approach to simulating the primates’ visual cortex.

2.1.2 Wavelet Based Salient Points

A wavelet representation provides information about variation in visual data at different scales.
The idea of the wavelet based salient point extraction algorithm [82] is that wherever a high
wavelet coefficient W2 j f (n) at a scale 2 j is encountered, it corresponds to a certain region with
high global variation. If such a region is detected, coefficients at a higher scale 2 j+1 are exam-
ined. Such a region can be seen as a detail image, which gives a finer location of the variations.
In other words, it provides the convolution of the image with the wavelet function dilated at
different scales.

In this approach, Haar wavelets are used, as they are symmetric and the simplest with or-
thogonal and compact support. Haar wavelets are fast to compute but not overlapping, which
can lead to localization disadvantages. The compact support is important for knowing from
which salient points each wavelet coefficient at a special scale was computed. This is done re-
cursively with the ability to determine children C(W2 j f (n)) of the sets of coefficients at higher
scales (detail images of detail images).

To find the salient points, the maximum of a scale and then recursively the child with the
highest coefficient is considered. This is called a track of a salient point. The coefficients of a
track are summed up to extract salient points. A Saliency Value S for salient points is proposed.

S =
− j

∑
k=1

|Ck(W2 j f (n))|,0 ≤ n ≤ 2 jN,−Jmax ≤ j ≤−1 (3)

It is the sum of all absolute values of the wavelet coefficients considered in the recursive
process of following the track. Therefore, coarse wavelet coefficients contribute to final salient
points as well as finer coefficients [48]. In this respect, it is a multi-scale approach, which takes
all scales into account for the final result of the saliency locations.

This recursive procedure is done for every wavelet coefficient. In thresholding S in relation
to the desired number of extracted salient points, the most salient locations are obtained.

2.1.3 Saliency-Based Visual Attention for Rapid Scene Analysis

The model of saliency-based visual attention for rapid scene analysis was presented in [32]. The
main inspiration of the model is to adapt a computer model to the early primate visual system.
The authors compare each stage of the model with its biological equivalent. This is not the
focus of this work and therefore will not be mentioned further. It is constructed to be processed
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in parallel and is hence able to run in real time on dedicated hardware.

Basically, a global saliency map is generated to represent the conspicuity (or the saliency) of
each position in the input image by a scalar value. As input, six intensity maps, 12 colour maps
and 24 orientation maps are computed, making 42 feature maps for the basic feature extraction.

In the following, the approach is described in more detail. First, all the features are extracted.
Then, a global saliency map is generated by comparing these to each other. This is carried out
in a neural network, which builds the main idea of the approach.

Extraction of Early Visual Features Having an RGB picture as an input the intensity I is
calculated by the average of these three values. These values are used to build a Gaussian pyra-
mid with a scale σ = [0..8].

As a threshold, each location where I is less than ten percent of the global maximum in-
tensity value is discarded and becomes black. For all remaining pixels, each original colour
channel is normalized by the location’s intensity in order to decouple hue from intensity. Then
the colour channels are converted to four broadly-tuned colour channels representing red, green,
blue and yellow. Similarly, four Gaussian pyramids are created from these colour channels.

As a first set of feature maps, 6 intensity maps are created between the scales of the intensity
pyramids. The second set is similarly constructed with the four colour pyramids using the
“colour double-opponent system” obtaining 12 colour maps. Finally, oriented Gabor pyramids
of the intensity image lead to 24 orientation maps.

The Saliency Map The combination of this collection of feature maps is not straightforward,
as they represent different attributes in different modalities. A certain normalization method
must therefore be found. Also, salient objects represented only in a few maps should be consid-
ered as well.

A map normalization operator is proposed, which promotes maps having few strong peaks
of activity globally, while it suppresses maps with numerous comparable peaks.

Each set of feature maps is then combined into one of three conspicuity maps. An across-
scale addition is done by reducing each map to the medium scale of four and then summing them
point-by-point. The three resulting maps are averaged per pixel to generate the final saliency
map. At any given time, the focus of attention (FOA) is directed to the global maxima of the
saliency map.

The saliency map is used as the input for a winner take all neural network. All the neurons
are independent. Their potential increases with the value of the saliency level. Corresponding
winner take all neurons fire and therefore a new focus of attention is given. This leads to a time
dependent FOA, which simulates the attention shift of primates.
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2.1.4 Attention Based Similarity

Following the biased competition theory of attention model mentioned previously, a system
for estimating attention based similarity is given in [79]. The system does not need any prior
knowledge of the scene, and the response of the algorithm tries to stimulate by surprise. A pixel
is surprising, and hence worthy of attention, if its neighborhood is not similar to other pixels’
neighbourhoods. Such a pixel is unique in its features and thus salient.

The main tool of the system is the fork of pixels. For an analysed pixel, another pixel in a de-
fined distance radius is taken into account and both are selected. This fork is than matched with
other random pixel forks in the image. For each mismatch, the attention score is incremented.
Forks can be rotated and scaled. Therefore, scale and rotation invariant features can be obtained.

The approach chooses forks randomly. No other strategy allows the complete lack of as-
sumptions in analyzing visual data. As the different forks are matched to find a salient value, no
distinct feature is focussed on. The forks can vary in scale, rotation, and location, and therefore
no real asumptions about the result of the algorithm can be made. This defines the approach as
an emergent system.

The matching of the forks is an independent operation, so the computation can be carried
out in parallel. The major drawback of the approach is the large number of computations for
the similarity estimation which increases dramatically with the size of the input image.

Concerning the large number of randomized, exploring matches, this is interpreted as an
advantage by the author, as the approach is emergent rather than cognitivist. It does not rely
upon prior specification, but explores the scene adaptively and thus interacts with the scene.
The author claims that all other approaches to finding and describing features in images use
predefined point selection routines and metrics that can limit performance on unseen data.

2.2 Interest Points
Because the definition of what makes a point salient is not very clear, assumptions about the
salient point properties are made. Two main approaches can be found:

Region based approaches have gained lot of performance and therefore popularity in the last
years (eg. [59]). They can be both used for finding salient points and the regions around them,
or finding regions directly.

Scale space blobs [46] can be computed very efficiently in a number of ways. A blob is a
thresholded, uniform region where the background is darker or lighter. There are many ways
to detect blobs, including the Laplacian of Gaussian (Section 2.2.3) or simplified as Difference
of Gaussian (Section 2.3.3), the determinant of the Hessian or simplified as Haar wavelets [2].
Affine shape adaption can be included [47].
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Maximally stable extremum regions (MSERs) [52] are obtained by a watershed like algo-
rithm. Connected regions of a certain thresholded range are selected if they remain stable over
a set of thresholds. The algorithm is very efficient both in run-time performance and detec-
tion rate. The region priority or importance is measured in the number of thresholds where the
region remains stable.

Corner detectors are one of the most popular methods to detect salient points. The idea is to
assume that the salient points are corners. These methods usually refer to the points as interest
points. In general this assumption is not valid since not all salient points are corners, and not
all corners are salient points. However, corners are more stable than edges and are invariant
to several transformations as described in Section 2.2.1. They are useful in a wide variety of
applications, including stereo matching and object recognition.

In the following, several corner detectors are presented. These are efficient to calculate and
hence a practical salient point extraction approach. The focus of our attention in this work lies
on these approaches, as corners showed to give very useful locations in retrieval scenarios.

Corner detection can be traced back to Moravec [61] who measured the average change of
intensity by shifting a local window by a small amount in different directions. The approach is
discussed in Section 2.2.2.

Harris and Stephens [27] improved the repeatability of the Moravec detector under small
image variations and near edges by an analytic expansion of the Moravec detector. The local
autocorrelation matrix of the approach is derived using first order derivatives. The principle
theory and realisation is shown in Section 2.2.3. The Harris detector, in combination with a
rotational invariant descriptor, was also used by Schmid and Mohr [71] when they extended
local feature matching to general object recognition.

A low-level approach to corner finding is proposed by Smith and Brady: the SUSAN detec-
tor [77]. Their corner detector compares the intensity of a pixel with the intensities of neigh-
bouring pixels. If few of the neighboring pixels have approximately the same value, the center
pixel is considered a corner point.

Lindeberg [46] proposed an “interesting scale level” detector which is based on determining
maxima over scale of a normalized blob measure. The Laplacian-of-Gaussian (LoG) function
is used for building the scale space. Mikolajczyk [57] showed that this function is very suitable
for automatic scale selection of structures. An efficient algorithm for use in object recognition
was proposed by Lowe [50]. This algorithm constructs a scale space pyramid using Difference-
of-Gaussian (DoG) filters. There are several way of calculating the function, but the main
advantage is the high performance in building a pyramid hierarchy. The DoG are used to obtain
an efficient approximation of the LoG. From the local 3D maxima a robust descriptor is built
for matching purposes. The disadvantage of using DoG or LoG is that the repeatability of the
extracted features is not optimal since both DoG and LoG not only respond to blobs, but also
to high gradients in one direction. Because of this, the location of the features may not be very
accurate.
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An approach that intuitively arises from this observation is the separation of the feature de-
tector and the scale selection. The original Harris detector [27] is robust to noise and lighting
variations, but only to a small extent to scale changes [72]. To deal with this Dufournoud et
al. [17] proposed the scale adapted Harris operator. Given the scale adapted Harris operator, a
scale space can be created. Local 3D maxima in this scale space can be taken as salient points.
Mikolajczyk points out that the scale adapted Harris operator rarely attains a maximum over
scales [57]. This results in very few points, which are not representative enough for captur-
ing the image content. To address this problem, Mikolajczyk [57] proposed the Harris-Laplace
detector that merges the scale-adapted Harris corner detector and the Laplacian based scale se-
lection, which is described in Section 2.2.3.

All the approaches presented above are intensity based. Since the luminance axis is the
major axis of colour variation in the RGB colour cube, most interest points are found using
only intensity. The additional colour based interest points might not dramatically increase the
number of interest points. The distinctiveness of these colour based interest points is however
much larger, and therefore colour can be of great importance when matching images. A colour
extension of the Harris detector is proposed in [60] and discussed in Section 2.2.4. This is an
important step towards saliency based approaches, as colour plays an important role in the pre-
attentive stage in which features are detected. This means that the saliency value of a point also
depends on the colour information that is present.

Very relevant to this work is the research of van de Weijer et al. [88]. Using colour infor-
mation and further colour invariance, an important fact of the human perception of interpreting
colour information (e.g. [6, 32, 83]) is then modeled in Section 2.2.5. They aim at incorporat-
ing colour distinctiveness into the design of interest point detectors. In their work, the colour
derivatives form the basis of a colour saliency boosting function since they are used in both the
detection of the interest points, and the determination of the information content of the points.

Furthermore, the histograms of colour image derivatives show distinctive statistical prop-
erties which are used in a colour saliency boosting function. As described previously, the dis-
tinctiveness of a perception is an argument for its saliency. These color statistics in Section
2.2.6 can therefore be seen as the missing link between visual saliency and interest points. As
colour is processed in a way inspired by human perception, the main idea of these approaches
is integrated into a mathematically sound approach.

In the following, the desired properties for interest points are described. The idea of lo-
cations being invariant to changes from one image to another is explained. Focussing on the
Harris corner detector, the basic principles to achieve these properties are given.

2.2.1 Goals and Properties of Local Interest Points

Extracting interest points from image data should lead in to comparable results under varying
conditions. For example specific, salient locations of an object in different images should be
extracted from local interest point algorithms in an invariant way. Having different images of
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an object under different view points, comparable locations are desired, not with respect to the
image, but to the object in the image.

The degree of invariance of a particular local interest point algorithm determines the success
and the range of applications in which it can be used [65]. In this section, the main types of
invariances regarding local interest point detectors are presented.

Spatial Invariance is the property of providing the same results after the translation of an
object in an image, or the cropping or translation of the image. Local interest points should
remain after such transformations. Obviously information about cropped image content will be
lost, and possibly new content will arise, but the same locations should persist. It is considered
to be the basis of all invariance properties as it requires the same locations to be present with-
out regarding the actual position in an image. This property contradicts some of the saliency
properties of the image, as data can become less or more salient when the surroundings change.
However, it is an important fact in the idea of interest points, as it provides comparable location
for image retrieval.

Scale Invariance describes the ability to provide the same result after camera zooming or
image resizing. Zooming of a camera results not only in change of scale, but also in other non-
affine transformations, but this is generally not considered in the issue of scale invariance. In
[95], it is proposed that scale should regarded as a continuous parameter for image representa-
tion, and [45] showed that under some rather general assumptions, the Gaussian kernel

G(σ) =
1

2πσ2 e−
(x2+y2)

2σ2 (4)

and its derivatives are the only possible smoothing kernels for scale space analysis. This scale
space theory making scale invariance possible, is the basis for one of the most important proper-
ties in an image retrieval context, as it allows the analysis of image data under varying resolution
and size.

Separability is a very attractive property of the Gaussian kernel. It allows to have a multi
dimensional kernel as a product of one dimensional kernels.

G(σ) = Gx(σ)Gy(σ) (5)

where G denotes the Gaussian kernel, x, y the direction in the image and σ the size of the kernel.
The one dimensional Gaussian kernels

Gx(σ) =
1

2πσ2 e−
(x2)
2σ2 (6)

Gy(σ) =
1

2πσ2 e−
(y2)
2σ2

can have great advantages for the run time of a convolution.
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Another important property is the commutative semi-group property, which allows one to
calculate a successive smoothing with a Gaussian kernel (i.e. multiple convolutions ⊗ with
image I) to be carried out in one calculation step.

G(σ1)⊗ ...⊗G(σn)⊗ I = G(
√

σ2
1 + ...+σ2

n )⊗ I (7)

Using different scales σ and normalizing the detector results with σ2 [46], the interest points
become comparable to each other over different scales. Therefore, scale-invariant detection is
possible. The characteristic scale is then chosen by the highest result of the detector.

Affine Invariance is a generalization of the scale invariance when scale changes are not
isotropic. It is handled by using a more general Gaussian kernel defined by

G(Σ) =
1

2π
√

detΣ
e−

xT Σ−1x
2 (8)

where Σ is the covariance matrix defining the affine transformation of the image. It is often
refered to as the shape adapted Gaussian kernel. This approach has four parameters to deal
with, instead of the one in non affine cases. This leads to a more complicated and therefore
more time consuming calculation for detection of the local interest points. Therefore, detectors
typically use just the detected scale invariant region for further affine invariant transformations.

In the following, interest point detectors are described. Beginning with the Moravec corner
detector, we develop the state of the art in this field of the interest point extraction.

2.2.2 Moravec Corner Detector

The basis for the Harris corner detector algorithm used in this research is the earlier Moravec
low-level corner detector [61]. The Moravec corner detector estimates the similarity of each
point to its neighbour pixels by the sum of the squared differences (referred to as SSD).

The SSD can be seen as a local autocorrelation function of the image. It is is computed in
four directions and takes the lowest result as the measure of interest. Hence it detects points
where there are large intensity variations in every direction. Moravec did not only develop the
first corner detector but was the first to introduce the idea of point of interest.

Given the image I, the cornernes measurement SSD, also refered to as Moravec energy, on
the pixel (x,y) is estimated for the location (u,v) with a patch of the width w as

SSDx,y(u,v) =
w

∑
i=−w

w

∑
i=−w

[I(x+ i,y+ i)− I(x+ i+u,y+ j + v)]2 (9)

In Figure 5, the SSD and the maxima of this function are shown. The are several drawbacks
of this fast and straightforward way of cornerness measurement. The main one is its anisotropy.
Hence it is not orientation invariant, as only discrete orientational shifts of 45◦ are considered.
Therewith connected, edges, which are considered as unstable, are rated very highly compared
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(a) SSD;u,v = 5 (b) 30 highest maxima ex-
tracted.

Figure 5: Visualization of the algorithm to extract a fixed number of Moravec corners.

to corners. The measurement is not very stable against noise, either.

These are three highly needed properties for the extraction of stable and salient locations and
the main criticism of Harris and Stephens [27]. Their approach is described in the following
section.

2.2.3 Harris Corner Detector

The Harris corner detector introduced in [27] provides a cornerness measure for image data.
Overcoming the main drawbacks of the Moravec corner detector, the Harris corner detector ex-
tends this approach in analyzing the gradients in a patch.

A major objective is to suppress the noise without suppressing the anisotropic shape of
the structure. For this purpose the gradients around the point are computed using a Gaussian
derivative:

X = I⊗ (−1,0,1) =
∂ I
∂x

(10)

Y = I⊗ (−1,0,1)T =
∂ I
∂y

The gradients are averaged by a Gaussian kernel of the differentation scale σD. This process
smooths down the responses to noise. The result is three directional components
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L2
x(x,y,σD) = X2⊗G(σD) (11)

L2
y(x,y,σD) = Y 2⊗G(σD)

LxLy(x,y,σD) = (XY )⊗G(σD)

For any shift (x,y) the cornerness measurement can then be formulated as

E(x,y) = (x,y)M
(

x
y

)
(12)

The symmetric second moment matrix M describes the gradient distribution in the local
neighbourhood of a point.

M = µ(x,y) =
[

µ11 µ12
µ21 µ22

]
=
[

L2
x(x,y) LxLy(x,y)

LxLy(x,y) L2
y(x,y)

]
(13)

Therefore it is possible to consider multiple different directions and the dicrimination be-
tween edges and corners becomes more effective. The key properties of this matrix are extracted
from its eigenvalues. They represent two principal curvatures of the location. The eigenvalues
of the second moment matrix (λ1(µ) and λ2(µ)) are proportional to the principal curvatures of
the considered area, and are invariant to rotation.

Based on these two eigenvalues, a classification can be made: If they are near zero, there is
obviously no curvature in any direction. One notable larger value than the other one indicates a
predominant curvature direction: an edge. If both eigenvalues are large, curvature in different
directions is encountered. The main idea of the Harris corner detector is the fact that exactly
these spots are the most interesting and stable ones in an image.

This two dimensional cornerness measurement is not very intuitive, and the decision be-
tween interesting corner and uninteresting uniformness depends on several assumptions. There-
fore, the pixels are not classified into the three categories, but analysed to result in a one dimen-
sional Harris energy, the measure proposed is based on the trace and determinant of the second
moment matrix:

CH(µ) = det(µ)−αtrace2(µ) (14)
det(µ) = λ1(µ)λ2(µ) = µ11µ22−µ12µ21

trace(µ) = λ1(µ)+λ2(µ) = µ11 + µ22

As the only constant, α indicates the slope of the zero line. In the Harris energy, 0 is the
border between corner and edge. The Harris energy and the extraction of the maxima shown in
Figure 6.

Scale Invariant Harris corner detection Using a fixed scale has one drawback: too small or
too big structures are not taken into account. The goal is to develop a scale invariant description
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(a) Harris energy; σI=1.4, σD=5 (b) 30 highest maxima ex-
tracted.

Figure 6: Visualization of the algorithm to extract a fixed number of Harris corners.

of corners in an image. In our retrieval context, this idea provides us with the same locations,
regardless of the size of the object in the image.

An extension of the Harris corner detector is done to achieve scale invariance. The derivative
scale σD is included as the scale of the corner detector. The second moment matrix is then

M(x,y,σI,σD) = σ
2
DG(σI)⊗

[
L2

x(x,y,σD) LxLy(x,σD)
LxLy(x,y,σD) L2

y(x,σD)

]
(15)

where σI is the integration scale. As shown in several experiments [56, 57], the following
relation performs best:

3σD = σI (16)

To make the different scales more comparable, the matrix components are averaged by the
Gaussian Kernel G(σI). The factor σ2

D is for scale normalization.

Using different normalized cornerness measurements, characteristic scales can be found by
setting a threshold on the results. Mikolajczyk and Schmid [56] applied the Laplacian of Gaus-
sian to the detector for the automatic scale selection. This is further called the Harris-Laplacian
detector.

The scale space of the Harris function is built by iteratively calculate the cornerness mea-
surement E under varying σD and σI (Equation (12)). Using scale steps s with a factor t of σD
from 1.2 to

√
2, the cornerness measurement E is extended to

E(x,y,s) = (x,y)M(x,y, ts
σI, ts

σD)
(

x
y

)
(17)
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The second moment matrix M, developed in Equation (13), is not changed at all. The
amount of scale change is chosen by the need for preciseness of the corner location. In reason-
ably big objects in a retrieval context, t =

√
2 showed to be precise enough, and is therefore used

in the experiments in Section 4. For more precise results, a value of t ≈ 1.2 is recommended.

The next step is to choose the characteristic scale. The Laplacian of Gaussian function Λ

has been used to detect the characteristic scale automatically [47, 55]. Λ is defined by

Λ(σD) =− 1
π(tsσD)4

(
1− x2 + y2

(tsσD)2

)
e
− x2+y2

2(tsσD)2 ⊗ cu,v (18)

=
(

(
∂ I
∂x

)2 +(
∂ I
∂y

)2
)
⊗G(σD)⊗ cu,v

=
(
L2

x(x,y,σD)+L2
y(x,y,σD)

)
⊗ cu,v

where cu,v is the raised cosine kernel, as described below. Using the sum of the precomputed
values Lx and Ly the computation can be done very efficiently.

To make the maxima more stable, a raised cosine kernel

cu,v =
1+
(
(1

2 − cos(πu))+(1
2 − cos(πv))

)
3

(19)

is used to smooth the resulting data. As suggested by [11], this kernel gives more smoothed
borders than the Gaussian kernel G for scale decision.

A characteristic scale of a possible region is found if both the Harris Energy and the Lapla-
cian of Gaussian are extrema

∇Λ(x,y,s(σD)) = ∇M(x,y,σI,σD) = 0 (20)

where 0 is the Null vector. With this non-maxima suppression, the locations with their accord-
ing scales are found.

Affine Invariant Harris corner detection The second moment matrix can also be used to
determine the affine deformation of a structure. It is shown [56] that an affine normalized image
patch can be obtained by transforming the image with the square root of the shape adapted
second moment matrix, which is obtained by using the shape adapted Gaussian kernel

G(Σ) =
1

2π
√

detΣ
e−

xT Σ−1x
2 (21)

Two normalized regions from an image and an affine transformed copy are shown to be
related by a rotation. Under certain affine transformations, this property may be crucial.

The uniform second moment matrix can be generalized to non uniform scale space [57]
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µ(x,y,ΣI,ΣD) = det(ΣD)G(ΣI) · ((∇L)(x,y,ΣD)(∇L)(x,y,ΣD)T ) (22)

where ΣD and ΣI represent the differentiation and integration kernels, and L(x,Σ) represents the
affine Gaussian scale space.

In an iterative procedure proposed proposed by Lindeberg and Garding [47] the shape
adapted second moment matrix M that has the following properties is derived:

µ(x,y,ΣI,ΣD) = M (23)

ΣI = σIM−1

ΣD = σDM−1

where scalars σI and σD are the integration and differentiation scales. Local moment-based
image descriptors computed under these conditions have shown to be stable under affine trans-
formations.

2.2.4 Colour Harris Corner Detector

A basic extension of the intensity based Harris detector is proposed by Montesinos et al. [60].
The second moment matrix they used is defined as

M = µ(x,y,σI,σD) = σ
2
DG(σI)⊗

[
R2

x +G2
x +B2

x RxRy +GxGy +BxBy
RxRy +GxGy +BxBy R2

y +G2
y +B2

y

]
(24)

Instead of using just the intensity gradient, the gradient for each colour channel is determined.
These values are summed and averaged using a Gaussian kernel with size σD.

As suggested in [88], the second moment matrix can be computed using different colour
models. The first step is to determine the gradients of each component of the RGB colour sys-
tem. This is done using a convolution with the differentiation kernels of size σD. The gradients
are then transformed into the desired colour system. By multiplication and summation of the
transformed gradients, all components of the second moment matrix are computed. The values
are averaged by a Gaussian integration kernel with size σI . Scale normalisation is done again
using the factor σ2

D. The Harris energy is shown in Figure 7(a) and extracted corners can be
seen in Figure 7(b).

Because of common photometric variations in imaging conditions such as shading, shadows,
specularities and object reflectance, the components of the RGB colour system are correlated.
By transforming the RGB colour coordinates to other systems, photometric causes for features
in images can be distinguished.

Normalizing the RGB colour space to rgb, illumination is rectified and equals 1 for each
colour:
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(a) Color Harris Energy; σI=1.4, σD=5 (b) 30 highest maxima ex-
tracted.

Figure 7: Visualization of the algorithm to extract a fixed number of Color Harris corners based
on RGB.

rgb =

r
g
b

=

 R
R+G+B

G
R+G+B

B
R+G+B

 (25)

In this transformation, all the illumination information is discarded. The cornerness mea-
surement changes to prioritize the colour changes between foreground and background and
therefore, the silhouette of the parrot can be recognized in the graph in Figure 8(a). The main
drawback of this colour space is the fact, that rgb is very unstable near zero illumination and the
approach will lead to highly prioritized corners within smallest colour changes in dark regions
of the image. This is encountered in the lower right part of the image in Figure 8(b).

2.2.5 Quasi Invariant Colour Space

To overcome this weakness and to enhance the ability to be stable against lighting changes,
different colour spaces can be used. The goal would be to have an invariant colour space to
all manner of light, shadow and reflectance effects that may be encountered in an image. The
following colour spaces have some invariant properties, leading into a quasi-invariant colour
space which is invariant to shadow and specular effects.

The spherical colour space S (Equation 26), the opponent colour space OCS (Equation 27),
and the quasi invariant HSI colour space (Equation 28) [90] are developed:

26



(a) Color Harris Energy; σI=1.4, σD=5 (b) 30 highest maxima ex-
tracted.

Figure 8: Visualization of the algorithm to extract a fixed number of Color Harris corners based
on normalized rgb.

S =

θ

ϕ

r

=

 tan−1(G
R

)
sin−1( √

R2+G2√
R2+G2+B2

)
√

R2 +G2 +B2

 (26)

OCS =

o1
o2
o3

=


R−G√

2
R+G−2B√

6
R+G+B√

3

 (27)

HSI =

h
s
i

=

tan−1(o1
o2

)√
o2

1 +o2
2

o3

 (28)

In these decorrelated color spaces only the photometric axes are influenced by the common
photometric variations. In [88] the spatial derivatives are separated into photometric variant and
invariant parts.

The spherical colour transformation (Equation (26)) has the shadow-shading direction as
the r coordinate. This overcomes the instability of rgb and is very stable in colours with low
illumination. As shown in Figure 9, dark regions are more stable and there are fewer corners
at shadowing effects involved. The orthonormal transformation into OCS (Equation (27)) pro-
vides specular variance. In Figure 10, the prioritization of the yellow - blue edge is shown.

As this colour space is often motivated by simulating primate retinal processes, these oppo-
nent colours are the end points of one axis of the colour space, and therefore have the largest
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(a) Color Harris Energy; σI=1.4, σD=5 (b) 30 highest maxima ex-
tracted.

Figure 9: Visualization of the algorithm to extract a fixed number of Colour Harris corners
based on the spherical color space.

(a) Color Harris Energy; σI=1.4, σD=5 (b) 30 highest maxima ex-
tracted.

Figure 10: Visualization of the algorithm to extract a fixed number of Colour Harris corners
based on OCS.

distance. The specular variance can also be seen at the right shoulder of the parrot in Figure
10(b), where the blue feathers become lighter and lighter, and these corners are prioritized in
the OCS.

A polar transformation on the first two axes of the OCS leads to the HSI colour space
(Equation (28)). The derivative of the hue component is both the shading and the specular
quasi-invariant [88], which means that those light effects should not change the coefficient. Ob-
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(a) Color Harris Energy; σI=1.4, σD=5 (b) 30 highest maxima ex-
tracted.

Figure 11: Visualization of the algorithm to extract a fixed number of Colour Harris corners
based on the quasi invariant HSI.

viously, this applies not to every specular and shadowing effect in a natural scene.

The main drawback is the undefinedness between black and white. Further, small changes
around the gray axis result in large changes in the color direction as can be seen in the upper
left corner of Figure 11(b). As shown in Figure 11, colour changes between opponent colours
are highly prioritized, as it is motivated by the primates’ visual cortex.

2.2.6 Colour Statistics and Boosting

As proposed in [89], colours have different occurrence probabilities p(v) and therefore, different
information content I(v) of the descriptor v:

I(v) =−log(p(v)) (29)

The assumption is now to boost rare colours for having a higher saliency in the cornerness
measurement. Looking for rare colours, statistics for the Corel Database2 containing 40 000
colour images showed that the three dimensional colour distribution was remarkably signifi-
cant. For all considered colour spaces, one coordinate coincides with the axis of the maximum
variation (see Figure 12).

Following these properties, a boosting function can be found so that pixel information in the
image data has equal impact on the saliency function as its information content. The strength
of gradients is considered as the decorrelated information content. This is a transformation
g : R3 → R3 such that

2www.corel.com
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(a) RGB (b) Opponent Colour Space OCS (c) Spherical Colour Space SCS

Figure 12: Three dimensional colour distribution of the transformed image derivatives. The
darkest shapes contain 90% of all pixels, the lighter ones 99% and 99.9%, respectively. From
[89].

p( f ) = p( f ′)↔ |g( f )|=
∣∣g( f ′)

∣∣ (30)

where p( f ) is the probability for pixel information in an image, or of its gradient p( f ′), respec-
tively.

The transformation is obtained by deriving a function describing the surface of the three-
dimensional colour distribution, which can be approximated by an ellipsoid in the origin (see
Figure 12) after alignment of the data as described in the following:

The coordinates have to be aligned to the axis of the coordinate system to achieve one simple
boosting factor per channel. A rotation matrix Rφ can be found, that so the data is aligned in
RGB (Figure 12(a)) following Equation (31), OCS (Figure 12(b)) by Equation (32), and finally
the spherical colour space (Figure 12(c)) by Equation (33).(

G̃x

R̃x

)
= Rφ

(
Gx
Rx

)
(31)

(
õ1x

õ2x

)
= Rφ

(
o1x
o2x

)
(32)

(
r sin ϕ̃θ̃x

rϕ̃x

)
= Rφ

(
r sinϕθx

rϕx

)
(33)

The colour distributions can then be approximated by ellipsoids having the definition

(αh1)2 +(βh2)2 +(γh3)2 = R2 (34)

where the h[1..3] factors are the axes in Figure 12 or transformed axis in Equation (31) to Equa-
tion (33), respectively.
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(a) Color boosted Harris Energy;σD=1.4σI=5 (b) 30 highest maxima ex-
tracted.

Figure 13: Visualization of the algorithm to extract a fixed number of colour boosted Harris
corners in opponent colour space.

To find the transformation in Equation (30), the ellipsoid has to be transformed from the
elliptic shape to a sphere, so that vectors of equal saliency lead to vectors of equal length. The
definition

g( fx) = Ξh( fx) (35)

leads to a saliency boosting factor for each component of the colour space. For the opponent
colour space, the diagonal matrix Ξ is given by

Ξ =

0.850 0 0
0 0.524 0
0 0 0.065

 (36)

The idea is that these factors not only hold for the analysed images, but for other natural
images too. The large scale of the experiment in the Corel database promises good results
in using the extracted function even in new images. In Figure 13, the statistically extracted
function is used for the extraction of colour Harris interest points in an image which is not part
of experiment data.

2.3 Region Description
A localized region should be described in a compact and complete way in order to make a sim-
ilarity measurement possible. This is done with local descriptors. The features which describe
the region must be highly distinctive, and also invariant to changes in the images. They are often
referred to as local interest point descriptors although it is obvious that they have to describe a
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local interest area.

Generally, the description should be invariant to the same changes as the localization stage
of the interest points described previously including invariance to noise, scale, rotation, transfor-
mation, etc. Unfortunately, invariance and distinctiveness are inversely dependent. Distinctive-
ness is lost when obtaining a more invariant descriptor, and vice versa. The more the description
gets invariant, the less information is expressed. For example, somebody telling a story about a
artistic performance would probably include if somebody was standing on his hands. Choosing
the rotation invariant way of describing the show and saying that there was just a person present
would probably take away the whole point of the story.

As already pointed out in Section 2.1, setting the appropriate level of discrimination is again
one of the main problems, especially because this discrimination has to be done automatically
for unseen general image data. However, there is one guideline for modern applications: as
the interest points gain more stability and invariance, the regions get more stable and distinct.
The increasing invariance of the location phase leads to less influence of the invariance of the
description regarding the overall performance of a CBIR system. This allows one to have more
specific descriptors of more invariant locations for a more discriminative and precise retrieval
[65].

These two properties are desireable for a successful local description:

Distinction The description for different image content should be different, and description
of similar content should be similar (see matching approaches in section 2.4). This property is
hard to measure, and is related to the term of rareness and discrimination discussed in Section
2.1

Compact Size a compact description of features is both desireable in storing the data, match-
ing features and in run-time issues for applications [96].

In the following, different ways of describing regions of interest are shown.

2.3.1 Patch Sampling

The simplest way to describe a region of interest is simply to describe the luminance values
inside the region. With the already found region of interest, size n for the patch P(i, j) is given.
Then an n2 dimensional feature vector is produced where the local descriptor D

D =

 l1
...

ln2

 (37)

contains every luminance value l of P(i, j).
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(a) Illuminance patch of the region of
interest

(b) Histogram of illuminance values

Figure 14: Visualization of a straightforward descriptor: The region of interest provides the
localization. The patch in (a) is analyzed. In order to have a description of the luminance
distribution, the histogram in (b) is generated.

This approach is highly unstable with respect to noise, illumination or affine transformation
changes. On the other hand, it is therefore the most distinct descriptor. Its simplicity and high
performance makes it useful in some cases [43].

This approach can be enhanced to get more stable descriptors. As shown in Figure 14(a),
the region of interest can be sampled to a fixed size to get a uniform dimensional feature vector.
The complete head of the parrot is sampled to a 32× 32 region. This leads to a very weak
ability for scale invariance. To overcome the weakness of describing the exact position of every
pixel, histograms are used. In Figure 14(b), a histogram of the intensity values is shown. The
description consists of ranges of luminance values and has no spatial information any more.
The distinctiveness of this descriptor becomes much lower than the first approach, but it is more
stable against noise, small illumination changes and transformations. To get more stable to
bigger illumination changes, the luminance values are normalized.

2.3.2 Derivative Description

Using derivatives for image description provides a more invariant and stable description than
using the original values, even if they are normalized. The different orders of the derivative at
the point x,y are built from the convolution with the nth order derivative of the Gaussian Kernel
G(σD) (see Figures 15 and 16).

Ln(x,y,σD) = I⊗Gn(σD) (38)

The resulting functions Ln(x,y,σD) are visualized in Figure 16.

The 0th order of an image I (shown in Figure 16(a)) provides stability against noise, addi-
tionally it is the basis for building a scale space [45]. The 1st order results in the differences
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Figure 15: Uniform Gaussian derivatives up to the fourth order in a pyramid. Every line shows
the filters for the possible directions (x,y,xy, respectively). From: [45].

(a) L0(x,y,10) (b) L1(x,y,10) (c) L2(x,y,10) (d) L3(x,y,10) (e) L4(x,y,10)

Figure 16: Convolved images in ascending derivative order in x direction Lix(x,y,σD). Lumi-
nance range scaled for better visualization.

between adjacent neighbours. It overcomes some drawbacks of normalization. There are i.e.
no numerical problems for small values.

The idea of gradients in different directions is probably best visualized to take the deriva-
tives as components of a vector. Figure 17(a) shows the first order gradients. Descriptors based
on these gradients are able to achieve additional scale, rotation and affine transformation invari-
ance. A naive approach can be seen in Figure 17(b), where the sum of the gradient components
build a histogram.

One example is the local jet descriptor of the order p [37]. Into a predefined gradient basis,
the local interest area description is a decomposition of the gradient information. The full range
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of jets is defined as

Jp(I,x,y,σD) = {L1...n(x,y,σD)} ,∀n ∈ [1...p] (39)

To use a set of different Gaussian kernels in multiple direction is proposed by [1, 70] and
referred to as steerable filters. The direction of the derivative can be chosen freely and leads so
to a better invariance to rotation.

(a) Gradients I[x|y] visualized as vectors on
the according pixels

(b) Histogram of sum of gradient vectors

Figure 17: (a) The gradients of the region of interest visualized as vectors. (b) One possible
description is a histogram of the sum of the gradient components Ix and Iy.

2.3.3 SIFT

The scale invariant feature transform (SIFT) was introduced by Lowe in [49]. The method
provides local image features developed for reliable object matching. One of the weaker points
of the original approach is the extraction of the salient points [16, 58]. Improvements of the
original approach to increase the stability are done in [8, 50]. Although several enhancements
of this descriptor have been made (e.g. PCA-SIFT [35] based on [20], GLOH [58], SURF [2]),
the original method is still state of the art in a general context of experiments (e.g. [59]), espe-
cially under heavy transformations.

In the following, details of the implementation are shown and the main methods described.

Scale Space The scale space L(x,y,σ) is defined by

L(x,y,σ) = G(x,y,σ)⊗ I(x,y) (40)

and provides the main information for the SIFT description, where G(x,y,σ) is the multi-scale
Gaussian Kernel (Equation (4)) with the convolution ⊗ with the Image I(x,y).
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Every smoothing step is calculated with the 1D Gaussian function in the horizontal and
vertical direction and with the paramter σ =

√
2. To approximate this function, seven sample

points are taken into account. Experiments showed that this number of points build the best
trade-off between performance and preciseness.

In the first step, the image is smoothed and stored separately. One image with a smoothing
of σ =

√
2, one with the effective smoothing of σ = 2 is produced, where the first image is

subtracted from the second one to obtain the Difference of Gaussian function D(x,y,σ)

D(x,y,σ) = (G(x,y,
√

2σ)−G(x,y,σ))⊗ I(x,y) = L(x,y,
√

2σ)−L(x,y,σ) (41)

For the next pyramid level, the σ = 2 smoothed image is bilinearly interpolated by 1.5 pix-
els in each direction. So each new pixel is a result of 4 original pixels. To maintain the highest
spatial frequencies, the first level of the pyramid is the expanded image by the factor 2.

Notably, the function D(x,y,σ) is a close approximation to the Laplacian of Gaussian func-
tion Λ(x,y,σ ) shown in Equation (18).

G(x,y,
√

2σ)−G(x,y,σ)≈ Λ(x,y,σ) (42)

It has been used as the decision measurement for the characteristic scale of a region. Here,
the function uses illumination information only, a fact which is one drawback for the overall re-
trieval result, but a necessary fact for the sound comparison between the meaning of the interest
points in a retrieval context.

Key Point Localisation Key points are used in the SIFT implementation to localize the most
important feature in a region of interest. To detect the extrema, a pixel is compared to its 8
neighbours in one pyramid level. If it is a maxima or minima, it is compared to the correspond-
ing pixel in the next level. If this pixel is still a local extrema, further testing in the next level is
done. This leads to an early diminished dataset, as the majority of the pixels are discarded right
away in the first scale.

To make this location more accurate, the Hessian and derivative of D(x,y,σ) are approxi-
mated by the differences to the prior analysed 8 neighbours. If there is an offset x̂ larger than
0.5 in any direction, the point is moved to the next pixel in this direction. Otherwise, the offset
is added to the current location to get an interpolated extremum.

D(x̂) = D+
∂DT

2∂x
x̂ (43)

Using D(x̂) as a threshold (0.03 in the implementation), this function mainly discards loca-
tions with low contrast, thereby stabilizing them.

To discard edges and prioritize corners, the already calculated Hessian matrix is used to
process an adapted Harris corner detection algorithm (compare Section 2.2.3 to Equation 44):
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H =
[

Dxx Dxy
Dxy Dyy

]
(44)

The eigenvalues of this matrix gives a measurement of the curvature at this location. There
is no need to calculate them implicitly, since the ratio of them gives an idea of the local struc-
ture. This can be done efficiently substituting Equation (14) and λ1 = rλ2 into Equation (45)
(compare again with properties in section 2.2.3):

trace(µ)2

det(µ)
=

(λ1 +λ2)2

λ1λ2
=

(rλ2λ2)2

rλ 2
2

<
(r +1)2

r
(45)

r gives then the relation between the two eigenvalues. In case the determinant is negative, the
point is discarded. In the implementation, a threshold of r = 10 is used for a valid location.

Orientation Assignment Using now the estimated position and the scale of a key point, the
gradient magnitude m(x,y) and θ(x,y) is precomputed for every L(x,y) using

m(x,y) = sqrt(L(x+1,y)−L(x−1,y))2 +(L(x,y+1)−L(x,y−1))2 (46)

θ(x,y) = arctan
L(x,y+1)−L(x,y−1)
L(x+1,y)−L(x−1,y)

The orientations θ(x,y) are stored in a 36 bin histogram covering 10 degrees per bin. They
are weighted by its magnitude m(x,y) and smoothed by a 1.5 times larger Gaussian window
G(1.5σ) than the previously computed scale σ . The highest peak in this histogram builds the
dominant direction in the gradients. If there is any other peak within 80% of the highest one,
another keypoint with this orientation is built.

The description of these key points is inspired by [18], a model of biological vision, in
which it is argued that the orientation and frequency of a gradient is more important to the pri-
mal visual cortex than its precise localization.

The Feature Vector One goal of the SIFT descriptor is to be invariant against small shifts in
the relative gradient position. Creating 16 histograms per description with 8 orientation bins for
the sample regions leads to a very stable but not too distinct description of a region. Positions
of the gradients may change in their quarter of the neighbourhood. Due to the fixed number of
bins, the resulting feature vector for a key point consists then of 128 dimensions.

The feature vector is created by first computing the gradient magnitude and orientation at
each image sample point in a region around the key point location. These are weighted by a
Gaussian window. These samples are accumulated into orientation histograms summarizing the
contents over 4x4 subregions, with the length of each arrow corresponding to the sum of the
gradient magnitudes near that direction within the region.
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To reduce the effect of non-linear illumination change, the highest values of the normalized
feature vector are diminished. Experiments showed that a threshold value of 0.2 performed
best. Every value in the feature vector higher than this threshold is scaled back. Then, the
whole vector is renormalized. This is done to reduce the priority of large gradients.

PCA-SIFT The PCA-SIFT [35] was introduced to achieve a more compact local descriptor
than the original SIFT [50]. The development aimed towards wide-baseline matching, and the
more compact description should perform equally well in these tasks. This is achieved by using
the PCA projection of the gradient map to describe the region of interest. The resulting descrip-
tors were shown to perform best with 20 dimension. The two main steps can be summarized as
the following: the training step pre-computes an eigenspace to express the gradient maps of the
region of interest using a set of training data. In the testing step, the gradients of the new region
of interest are projected into the eigenspace to obtain a decomposition of the gradient map. The
eigenspace coefficients are the actual elements of the PCA-SIFT. Under certain circumstances,
it even outperforms the SIFT descriptor.

SURF - Speeded up Robust Features [2] was highly influenced by the success of the SIFT
descriptor. The main idea is that the performance in both processing time and description sta-
bility can be increased when using less, but more essential features. It is rather different to the
original SIFT, but it is often referred to as the high performance extension of the SIFT descrip-
tor. Regarding the whole implementation - including the initial feature extraction - the detection
is done with mean and average box filters to estimate Lx|y. With non-maximum suppression and
interpolation of blob-like features, the scale of the locations is determined. With this informa-
tion, the Haar wavelet responses are represented as vectors and summed within sections of 60◦.
The predominant vector is the longest one, and second longest is ignored. The description is
then the sum of absolute values of the responses in the sections and leads into a feature vector
of length 64. This diminished dimensionality also improves the processing time for matching.

2.3.4 Local Colour Description

Generally, there is no need to restrict the description approaches described previously to the
illumination property, as long as it is one dimensional input data. Regarding more dimensional
colour information, there are several methods providing the desired properties for local descrip-
tors as described previously.

In the following, a method to describe local colour information in images is given [91]. It is
a concatenated approach including three state of the art ideas for colour description:

Colour constancy For colour constancy in different images, colour normalization has to be
done. The description should provide independence from diffuse lighting and specular re-
flectance. Invariance to the dominant illumination and to the diffuse illuminant is achieved by
normalizing the colour channels with their average derivative. This correction for the illuminant
is related to the grey-edge hypothesis proposed in [87].

38



Colour invariance A colour descriptor has to be robust to colour variations because of shad-
ows, shading, specularities and different light sources. Therefore, [90] showed that the deriva-
tives from the opponent colours computed after the normalization step are the only invariant
insensitive to a diffuse illuminant. For a combined illumination and geometric invariant feature,
the comprehensive colour image normalization (CCIN) [21] can be applied as a local feature.

Geometric robustness The local feature requires robustness to changes of viewpoint, zoom,
and object orientation. An affine invariant feature detection partially solves this problem al-
ready. However, under transformations, colour edges tend to change and due to aliasing and
perspective effects, undesired effects occur. Colour angles overcome variance to certain blur-
ing which is encountered by zoom or focal changes.

Descriptors can be built from the previous computations. If the colour description is used in
combination with a shape description, no spatial information is needed. The descriptors do not
provide stable shape and structure information. Therefore, the SIFT descriptor is concatenated
to the colour description to provide both. This results in a higher dimensionality of the descrip-
tor, but it tends to be more discriminative. In certain CBIR scenarios, it outperforms the orginal
SIFT approach [91].

In the following section, the last phase of the task of CBIR is described. Several approaches
to measure the similarity of local descriptors are shown.

2.4 Descriptor Matching
The next stage of the typical retrieval method is the matching of the extracted features. The
most important part of matching is the distance measurement. It describes the similarity of fea-
tures and should therefore be the measurement for a match of features. The multi-dimensional
distance is described in Section 2.4.1.

To speed up the process of matching, which is crucial for an image retrieval application,
several methods for enhancing the search inside the feature database are presented in Section
2.4.2.

2.4.1 Feature Distance

For feature matching, the Euclidean distance gives the similarity measurement between two
candidates. This can be carried out with multi-dimensional features, where the nearest neigh-
bour is the vector with the minimal distance:

Dpq = pq =

√
n

∑
i=1

(pi−qi)2 (47)

where p and q are two feature vectors of the same dimensionality. Typically, the vectors are
normalized for a more robust matching, so that
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p = q = 1 (48)

For matching of features, the distance function is called often. In the image retrieval exper-
iment in Section 4.3.4, each query image with an estimated 250 features had to be compared
with estimated 5 000 000 features in the database. Therefore, a short calculation time for the
distance function is essential for the efficient performance of a query. In this respect, not only
the function run-time is crucial for the performance, but also the requirement of fast data fetch-
ing in the feature database. This is both a matter of descriptor compactness, and information
encoding in the database itself. A fast decoding often conflicts with the the property of small
data size for features (compare properties of local features in Section 2.3).

Other examples of multidimensional distance measurements are the Canberra distance (Equa-
tion 49), squared chord distance (Equation 50), squared Chi-squared distance (Equation 51),
which can also be used in clustering algorithms (Section 2.4.2).

DCpq =
n

∑
i=1

|pi−qi|
|pi +qi|

(49)

DSpq =
n

∑
i=1

(
√

pi−
√

qi)
2 (50)

DCH pq =
n

∑
i=1

(pi−qi)
2

(pi +qi)
(51)

The cosine similarity function [69] treats the set of descriptors as components of an M
dimensional vector, and the similarity is the cosine of the angle between these vectors (their
dot product divided by their magnitudes). This similarity, which is also known as the Ochini
coefficient, is given by the expression

OCpq = ∑
n
i=1 piqi√

∑
n
i=1 p2

i ∑
n
i=1 q2

i

(52)

Similar descriptors have an Ochini coefficient approaching 1.0 and a distance approaching 0.0.
The arccos(OCpq) can therefore be used for a distance function.

Normally, a similarity threshold gives then the response whether two local descriptors match
or not. For object recognition, an additional threshold of the number of matched features is
needed to generate a positive recognition result.

The search method inside the feature database is a crucial performance issue in large databases,
as already pointed out. The method widely used to speed up the process of finding the nearest
neighbours is the clustering of the features into similar descriptor clusters and/or indexing the
descriptors. In the next section, several approaches are described.
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2.4.2 Descriptor Organization

Hierarchical or tree based approaches are adaptive in the partitioning of the data. The access
time can be reduced when taking advantage of hierarchical structures.

K-d Tree [24] is a special case of the binary space partitioning tree and is a very popular and
powerful hierarchical structure for computer vision. It stands for a complete binary tree having
smaller bins in the higher-density regions of the space. Performance can be raised and look up
time reduced, but ends up in more complex tree generation algorithms, as several constraints
must be fulfilled (e.g [36]).

Approximate Searches One way to make matching faster is to be satisfied with a good re-
sult, and not looking for the best one possible. When loosening the constraint for the nearest
neighbour, processing time can be highly reduced. Internal nodes of graphs can be the centers
of the mass of the nodes of a lower level [54] and therefore, similar descriptors can be looked
up quickly. Neighbourhood graphs show to gain good results in higher dimensionalities, too.

Clustering is a powerful tool for finding structures in large data. It aims to partition data into
clusters. In this respect, it is a classification task within data sets which share some common
attributes within a certain distance. Two of the most popular approaches are K-means and
agglomerative clustering.

K-means The most straightforward algorithm for clustering high dimensional data is the k-
means algorithm. Randomly, k seed points are initialized for the clusters. In the subsequent
iterations, every data point is assigned to the nearest cluster center. The cluster centers are then
computed as the mean center of the assigned data points [41]. It performs very well on large
data sets [75]. The run-time depends on the relation between the number of seed points k, the
dimensionality d, number N of data points, and the number of iterations l: O(Nkld).

Improvements can be achieved by using hierarchical approaches like kd-trees [67] or the
triangular inequality [19]. The issue of having random seed points leads to different results in
different runs on the same database. Several methods to overcome this problem are presented
in [64].

Agglomerative Clustering starts by assigning each data point to a new cluster. Pairs of clus-
ters are then iteratively selected and merged. A hierarchical structure tree is thereby iteratively
built.

The crucial part of the algorithm is the criterion for merging clusters. Several methods are
useful for this criterion, including Equations 47 to 52. Other criteria can be found in [39].

The crucial performance issue is the fact that clusters should be merged in decreasing order
of their distances to each other. After a merge, the distances have to be recalculated. This makes
the standard approach not applicable on large data sets. The possibility to overcome the fixed
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merging order is proposed in [12], where additionally, the recomputation of merged clusters
becomes more efficient.

2.5 Summary
In this section, state of the art of methods used in CBIR systems are described. This thesis fo-
cusses on the impact of salient locations in an image retrieval context. Therefore, an overview
of approaches regarding visual saliency in computer vision is given. As we chose the Harris
corner detector as the basis for this research, this approach is discussed in more detail and de-
scribed from its first form as an autocorrelation measurement to the state of the art colour Harris
corner detector.

Several approaches for local descriptors are given. The local descriptor chosen for this re-
search, the SIFT descriptor, is described in more detail. The different advantages and drawbacks
of descriptors and their dependence on the provided locations in the previous phase in a CBIR
system are shown.

Matching of descriptors is the last step of defining the similarity of image data. In most of
the retrieval scenarios, this is a crucial calculation time issue. Therefore lot of research has been
done in this field, and a brief overview is given.
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3 An Image Retrieval System Based on Colour Interest Points
In this chapter, a software prototype for image retrieval is developed. Due to its organization,
all the operations can be carried out in parallel. The system processes each task, query and data
set independently so that multiple machines can allocate the processing time.

As shown in Figure 18, the image retrieval scenario is structured in independent tasks: The
first stage of the retrieval scenario contains the extraction of the salient points in the image
(Section 3.1). A form of a general saliency implies rarity [33] approach for weighting colours
is used for focusing interest points. A new approach to extend automatic scale selection to
multiple colour spaces is shown in Section 3.1.2. A visualization of the performance of the
proposed regions is given in Section 3.2.

Having these locations, the basis for the forthcoming local description in Section 2.3 is
found: Local description takes place in the defined locations only. The matching of these de-
scriptors is described in Section 3.4. The methods for exchanging and storing data are described
in Section 3.5.

Figure 18: Overview of the software prototype. Locations refers to Section 3.1, local description
is described in Section 3.3. The matching of the feature and the generation of the final result
is explained in Section 3.4. The feature database is created with a set of data files, which are
defined in Section 3.5.
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3.1 Interest Point Extraction
The stage of interest point extraction provides the location for the local description. From the
input image, colour Harris corners (see Section 3.1.1) are extracted at different scales. The deci-
sion, which scale to prioritize is described in Section 3.1.2, which builds the main contribution
of this research.

3.1.1 Corner Extraction

As already pointed out, the RGB colour space is highly correlated and therefore not stable un-
der varying illumination circumstances. In natural high contrast images, same colours appear
completely different under varying illumination in this colour space. The RGB changes are very
similar to the changes in illumination. Therefore, a colour Harris in RGB does not dramatically
change the position and priority of the corners compared to an illumination based approach (see
Section 2.2.4). This is not the case for photos with low contrast changes as usually encountered
in studio photography, artificial images or highly post processed images.

The second moment matrix can be computed using different colour models. The first step is
to determine the gradients of each component of the RGB colour system, as this is this matrix
is only defined in this colour space. This is done using a convolution with the differentiation
kernels of size σD. The gradients are then transformed into the desired colour system. By mul-
tiplication and summation of the transformed gradients, all components of the second moment
matrix are computed. The values are averaged by a Gaussian integration kernel with size σI .
Scale normalization is done again using a factor σD.

To write this procedure in symbolic form, we use a more general notation not restricted
to one colour space. Colour space C is used with its components [c1, ...,cn]T , where n is the
number of colour channels.

C =

c1
...

cn

 (53)

The second moment matrix is defined as

M(x,σI,σD) =σ
2
DG(σI)⊗

[
L2

x(x,σD) LxLy(x,σD)
LxLy(x,σD) L2

y(x,σD)

]
(54)
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with the components L2
x , LxLy and L2

y defined as:

L2
x(x,σD) =

n

∑
i=1

c2
i,x(x,σD) (55)

LxLy(x,σD) =
n

∑
i=1

ci,x(x,σD)ci,y(x,σD)

L2
y(x,σD) =

n

∑
i=1

c2
i,y(x,σD)

where ci,x and ci,y denote the components of the transformed colour channel gradients, with
i ∈ [1, ...,n], and where the subscript x or y indicates the direction of the gradient. These colour
spaces can be for example OCS, HSI, etc. as described in Section 2.2.5.

3.1.2 Colored Automatic Scale Decision

To achieve scale invariant locations, the Harris corner detector has to build a scale pyramid con-
sisting of the Harris energy over different scales. We propose a new, adapted method for finding
the characteristic scale in different colour spaces [81] to extend the scale decision with colour
information (see Figure 19).

The input image is transformed to the same colour space as used for the extraction of the
Harris energy. After that, a principal component analysis (PCA) is applied to diminish the three
colour dimensions of the input image to a one dimensional dataset Î(x,y)

Î(x,y) =
√

3νλ I(x,y)T ⊗ cu,v (56)

by having the dot product of the colour information I(x,y) and the corresponding eigenvector
νλ . To keep the relative pixel value differences in the same range, the result is scaled back by√

3.

This analysis leads to a transformed one-dimensional function which includes many of the
advantages of the corresponding colour space as described in Section 2.2.5. Based on Î(x,y),

Λ(x,y,σD) =− 1
π(tsσD)4

(
1− x2 + y2

(tsσD)2

)
e
− x2+y2

2(tsσD)2 ⊗ cu,v (57)

can be applied and the characteristic is chosen as described in Section 2.2.3.

As the discrimination vector is chosen due to the maxima of the sum of the distances be-
tween the values, the PCA as the basis for the scale decision criterion ensures that a trade-
off between the prioritization of rare colours and not losing information on similar colours is
achieved. Therefore, it can be seen as a relaxed colour boosting function within the dimension
reduction.
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(a) Illumination (b) HSI

Figure 19: 30 extracted regions based on illumination and HSI information t = 1,2;s = 10;σI =
0.7. The regions shift towards colour differences, specular and shading changes are not regarded
any more. The parrot is therefore highly prioritized.

If values are salient and have therefore greater distances to the other values, the less salient
colours are disregarded as corners. They get very small distances to each other, and are there-
fore not prioritized. If the distance to the rarest colours is not big enough, the transformation
prioritizes the common colours, which get more distance to each other, then. This is a saliency
examination on global scope for a local scale decision.

However, it tends to lose less distance information than other transformations f : R3 → R1

e.g. the usually used illumination transform. The PCA analysis does not have a direct percep-
tion counterpart in real-world, but tend to adapt itself to the colour distribution of the image.

Combining different colour spaces (e.g. extracting colours from human perception moti-
vated opponent colour space and choosing the scale on illumination invariant normalized rgb)
between the corner extraction and the scale selection turned out to not work at all, as the most
informative responses tend to extinguish each other.

Aiming for just one region per location and a balanced distribution of regions over the input
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image, the following decision criteria showed to perform best:

R̂(x,y) =

(
max(E(x,y,∗))

3targmax(Λ̂(x,y,∗))σD

)
(58)

where E(x,y,∗) is the Harris energy over all regarded scales. With this decision, only one re-
gion per location is chosen, and the Harris energy and the scale is estimated independently. This
leads to the function R̂(x,y) defining all candidates for interesting points and the corresponding
region size.

The number of different scales regarded is a crucial matter for the processing time. Each
step must be calculated on its own (but independently and therefore possibly in parallel) and the
processing time increases with the size of the kernels. Building this scale space of the Harris
energy leads to a pyramid of the cornerness measurement E. In several other implementations
of a scale invariant corner detector (e.g. [55, 74]) the Harris energy of scale levels is scale nor-
malized by the factor σ2

I because the values tend to get lower the higher the scale gets. This is
not done in this implementation, because of the different automatic scale decision approach.

Within this step, there is not one interest point chosen, but a region of interest with a center
interest point. It examines the surrounding structure of the image and selects the predominant
size of a region. This area information is then used for the description phase in Section 3.3.

3.2 Shifting Interest Points Towards Colour
Taking colour information into account leads to a different definition of interest points. Every
colour transformation provides other properties. In the case of the quasi invariant colour space,
only colour is regarded.

The colour only interest points consider only changes in colour, not in illumination, specu-
lar, or shadow changes. It is more likely to describe meaningful objects in real circumstances, as
the results are not changed by different lighting conditions. Working with natural cluttered im-
ages, this helps to overcome one of the major problem: two natural image may show the same
objects in the image, but taken under completely different circumstances. Then, e.g. under
completely different lighting conditions, the images will be different. For illumination changes,
illumination based methods will have completely different output for obvious reasons.

Figures 20(a)-20(f) show the shifting of interest points towards the colour edges as more
colour specific interest point detectors are used. Note that the background of Figure 20(f) is
not disregarded, but the colour edges have higher priority. As the colour only edges tend to
have higher contrast, the corner measurement expands heavily under the quasi invariant colour
space. Therfore, the Harris energy has a wider range of data, and pure colour edges are more
repeatable. This is shown in Section 4.2.

Figure 20(a) shows the illumination based corners. The background with lot of self shad-
owing effects tends to provide many illumination corners. These shadow effects are highly
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unstable under varying lighting circumstances. RGB based corners in Figure 20(b) show to pro-
vide nearly the same results. Normalized rgb overcomes the illumination based point of view.
The example image contains lot of dark regions. where rgb is highly unstable and provides
ambiguous results. Therefore no stable corners are extracted in this case (Figure 20(c)).

OCS (Figure 20(d)) shifts the focus of the colour differences towards colour, and less lo-
cations caused by pure shadow effects apppear. Using colour boosting in Figure 20(e), rare
colours are more prioritized and therefore the colourful crab provides the most stable interest
points. Figure 20(f) extracts corners based on the quasi-invariant HSI colour space, and regards
pure colour edges only. In this case, the 30 corners with the highest Harris energy are found on
the crab only.

Taking more maxima into account, a more constant distribution of the interest points can be
achieved. This is important for CBIR systems. For visualization reasons, only the 30 highest
maxima of the Harris energy are shown.

3.3 Region Description
This research uses the previously extracted interest regions (see Section 3.1) and calculates the
SIFT description of these regions. Throughout this work, the original SIFT is used. SIFT fea-
tures have become widely used for both wide-baseline matching and quantized local descriptor
approaches and have been found to perform best for many tasks, as evaluated by several authors,
e.g. [22, 43, 50, 58, 59, 65, 66, 72]. The SIFT description is calculated by the binary provided
by Mikolaczyk3.

SIFT is chosen because this method is broadly accepted and its performance has been eval-
uated under many different circumstances. As this thesis investigates the impact of different
interest points in a retrieval scenario, the local description must not change during the experi-
ments and it should provide stable, well known results for all the tested interest point detectors
under all circumstances.

The illumination based description method lacks in performance regarding colour based
locations. When providing colour corners for the SIFT description, the method takes the illu-
mination structure into account. Therefore the discrimination between colour and illumination
location diminishes. In special cases, colour corners provide locations where the SIFT methods
finds no description at all. This is a drawback of our method of evaluation, because the per-
formance of the colour based approaches decreases under certain circumstances. On the other
hand, it provides precise results of the impact of locations for local description.

SIFT analyses the gradient directions of the extracted regions and thresholds theses values.
This leads possibly to more than one description for one region when there is another predom-
inant direction within 80 % of the most powerful one. In cases where this illumination only
based description finds not enough contrast and therefore no gradients over a certain threshold,

3http://www.robots.ox.ac.uk/∼vgg/research/affine/
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(a) Illumination (b) RGB

(c) rgb (d) OCS

(e) colour boosted OCS (f) Quasi invariant HSI

Figure 20: Scale invariant interest point extraction for different colour spaces. The background
is highly structured with high illumination changes. t = 1.2;s = 10;σI = 0.7. 30 highest values
extracted. Example image from the MUSCLE database
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it discards the description.

The key locations are determined at the maxima and minima of Difference of Gaussian
function applied in scale space. With image pyramids, this can be done very efficiently. This is
described in more detail in Section 2.3.3.

3.4 Descriptor Matching
The task of matching the descriptors in the feature database is done with the Euclidean distance
as described in Section 2.4.1. The more sophisticated task of finding the nearest neighbours
efficiently and fast is not considered in this software prototype, as it does not affect the overall
retrieval result. However, the processing time of the software prototype in a query takes several
minutes for a database of 5 000 000 descriptors (see Section 4.3). This would not be tolerable
in a real application. On the other hand, the approaches proposed in Section 2.4.2 require heavy
calculations in ordering the feature database before the actual queries.

In the following, the algorithm to extract the final retrieval result is presented.

3.4.1 Score of Query

The similarity between two images is determined by first calculating the Euclidean distances be-
tween each possible pair of (normalised) descriptors. The minimal distances for each descriptor
in the query image to the corresponding database image is then extracted.

S(dq) = min(dqdd1..dn) (59)

where S(dq) gives the score for the matching attempt for one descriptor. For every descriptor
in the image, an array S(d1..n) is built. dq is a descriptors of the query image and dd1..dn all the
descriptors of the database image which is processed in this step.

Then, the distances are sorted that S(dqn) ≤ S(dqn+1). The sum of the N = 100 smallest
distances is then taken to be the distance between the images giving the final similarity between
the query image and the processed database image:

D(qd) =
N

∑
n=1

S(dqn) (60)

where D(qd) denotes the overall distance between two images and is the basis for the overall
retrieval result. The resulting Chamfer distance δ (q) of a query image is then a list of the
smallest overall distances where D(qdn)≤ D(qdn+1).

δ (q) = D(qd1), ...,D(qdn) (61)
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3.5 File Formats
All data are stored in text files according to the definition suggested by Mikolajczyk. An elliptic
region in an image is defined as

a(x−u)(x−u)+2b(x−u)(y− v)+ c(y− v)(y− v) = 1 (62)

and is stored in the format

u1 v1 a1 b1 c1

:
:
um vm am bm cm

beginning with (0,0) at the top left corner of the image. Descriptors are then simply added to
the corresponding region:

u1 v1 a1 b1 c1 d1,1 d1,2...d1,n

:
:
um vm am bm cm dm,1 dm,2...dm,n

Notably, the SIFT descriptor can lead to more than one description per regions (see Section
2.3.3), so there may be regions being defined by multiple descriptors in one file.

This file format is able to store all information needed in the prototype, except for the final
retrieval result. After the matching of the descriptors, the ranks of the 100 best matches are
stored in a text file. Matches are stored in a list ordered by similarity. The ranks are referred to
by their file name and their Chamfer distance δ (q) as described in Section 3.4.

f1 δ1

:
:
f100 δ100

where f1..100 identifies both the object category and the specific image and δn ≤ δn+1.

3.6 Summary
In this section, the methods used for the software prototype are presented and described in de-
tail. Beginning with an overview of the structure of the piece of software, three main stages of
the image retrieval software are discussed. Beginning with the interest point extraction, a new
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method for automatic scale detection is proposed.

The next stage of the region description gives an overview of the main reasons for the deci-
sion of using the SIFT descriptor in the description phase of the software prototype. Drawbacks
of the evaluation with this descriptor are pointed out.

Matching a query image with the feature database is the final phase of the CBIR system.
More technically, the file formats used and developed for storing and exchanging data between
the different stages are defined.

In the next section, the experiments carried out with the software prototype are shown and
a large-scale evaluation of the proposed interest point detector is given.
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4 Results
The software prototype is now used in different CBIR scenarios. Carrying out diverse experi-
ments, the proposed methods can be evaluated. Beginning with a description of the given image
data in Section 4.1, an overview of the experiments is given.

Using a very important property of interest points, the repeatability, performance of differ-
ent interest region detectors is shown in Section 4.2. Performance in large scale image retrieval
scenarios is then tested in Section 4.3. First different scale selection techniques are compared
in Section 4.3.2, then retrieval performance under illumination change is evaluated in Section
4.3.3. The largest experiment measures performance under object rotation and is described in
Section 4.3.4.

4.1 Image Data
The Amsterdam Library of Object Images (ALOI) provides images of 1000 objects under
supervised, predefined conditions on a dark background4. Having the possibility to regard sin-
gle objects only, better conclusions can be drawn than in images under natural circumstances.
All transformations are precisely applied, including viewpoint transformation and varying light
conditions [25].

As shown in Figure 21(b), 5 OSRAM Tungsten Halogen 64637, 12V, 100W, 3100K lights
are placed around a rotation plate. The light controllers (Dimmer Osram HT 1-10 DIM, Trans-
former Osram HT 150/230/12L) provide stable, deterministic lighting conditions. Pictures are
taken with three Sony DXC390P 3CCD with 6 dB gain and Computar lenses of the type 12.5-
75 mm, 1:1.2 (settings: f=5.6mm, zoom=48mm (objects 1-750), zoom=15mm (objects 751-
1000)). The rotation table is set up for 800 steps per revolution (Parker Hannifin Corpora-
tion 20505RT). As the frame grabber, the Matrox Electronic Systems Ltd. CORONA II PCI
framegrabber is used. All images are taken from a 124.5 cm distance, the camera positioned at
a height of 30 cm.

The database consists of 110 250 PNG images, having a resolution of 768× 576 pixels
and a colour depth of 24 bpp in the highest resolution. The following data configurations are
available:

• Illumination Direction provides 24 images in different configurations. Each image was
recorded with just one of the five lights turned on, with the three cameras in different
positions. Furthermore, combinations of lights were used to illuminate the object. With
two lights turned on at the sides of the object, an oblique illumination from right and left
is established. Turning on all lights yields a sort of hemispherical illumination, although
restricted to a more narrow illumination sector than a true hemisphere.

• Illumination Colour provides 12 configurations, all taken with all 5 lights turned on.
Colour temperature is successively increased from 2175K to 3075K.

4http://staff.science.uva.nl/∼aloi/
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(a) Sample of ALOI objects (b) Configuration of object images record-
ings

Figure 21: The Amsterdam Library of Object Images (ALOI) is a colour image collection of
1000 small objects, recorded for scientific purposes. From: [25]

• Object Viewpoint provides views of an object from 72 different directions. The images
are taken by rotating the rotation table in steps of 5 degrees. This collection is similar to
the COIL5 collection.

• Wide-baseline Stereo is recorded for 750 images only. The three cameras provide a 15
or 30 degree baseline stereo pair.

With this data, the proposed interest points are evaluated in terms of the repeatability mea-
surement and in a large scale image retrieval context.

4.2 Repeatability Experiment
The experimental setup is the following: a colourful, flat object such as the one shown in Fig-
ure 22(a) is turned on a rotation stage in steps of 5 degrees. Rotations up to 50 degrees in both
directions are used.

Mikolajczyk provides software to estimate the homography matrix and to evaluate repeata-
bility performance. We used these binaries in order to compare our colour based system with
the intensity based approaches. The user selects corresponding pixels in two images, and the
3×3 matrix is calculated.

The performance is measured by the repeatability rate, which is the percentage of corre-
sponding points detected in two images. The higher the repeatability rate between two images,

5http://www1.cs.columbia.edu/CAVE/research/softlib/coil-100.html
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(a) front view (b) 25 degree turned (c) 50 degree turned.

Figure 22: ALOI object number 46 under viewpoint transformations.

the more points can potentially be matched and the better are the matching and recognition re-
sults. A match is counted if the transformation of one image to the other one using the provided
homography matrix leads to interest regions overlapping by more than 40% [59].

The experiments to compare affine region detectors were done with a test set of images of
natural scenes [59]. Compared to the precise transformations of the ALOI database, the trans-
formations are done in larger and looser steps. Therefore, the results of these experiments give
higher repeatability rates than those with other datasets (e.g [58, 56]). Having simple, precise
transformations on flat objects provide a more stable repeatability rate than previous experi-
ments.

Our proposed interest point extraction method is evaluated in the following variations:

• The Quasi Invariant ScIv Harris refers to the scale invariant Harris corner detector with
the proposed automatic scale decision under the quasi invariant HSI colour space.

• Colour boosted ScIv Harris uses the proposed approach under the opponent colour space
OCS and the colour statistics to boost rare colours.

• RGB ScIv Harris uses RGB information for the proposed scale invariant Harris.

For evaluation, the following state of the art approaches are tested in the experiment:

• The Harris Laplacian corner detector is the scale invariant approach from the Mikola-
jczyk implementation. It is a Harris implementation using LoG for the scale determina-
tion.

• Harris Affine is an extension of this approach, using the results of the Harris Laplacian
algorithm to detect the affine transformation of the region (Mikolajczyk’s implementation
is used for this algorithm, too).

As shown in Figure 23, the Harris Laplacian detector performs steadily about 5% better
than the Harris Affine detector, a result which is explainable by the repeatability criteria. Both
approaches use the same locations, as the majority of the algorithm is the same. Just the final
stage of converting the scale invariant regions into affine invariant regions diminishes the area
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Figure 23: Repeatability experiment with ALOI database on full size resolution. Colour infor-
mation increases stability under viewpoint transformation on colorful, flat objects.

of the region by the direction of the gradients. These smaller, elliptic regions have sometimes
smaller overlapping areas after transforming them back according to the given homography ma-
trix. However, the result remains relatively stable beginning at over 70% and ending below 70%
after the 50 degree transformation.

Performing this experiment in the RGB colour space, the results are quite similar to the lumi-
nance only approaches, until the transformation reaches a level of 35 degrees. From this point,
all colour based approaches perform better than those using only luminance information. Ap-
parently, colour corners remain more stable under these transformations. Using colour statistics
(Section 2.2.6) and the OCS colour space, the salient colour differences become more distinct,
and therefore the results improve. A drawback of this method is the instability due to aliasing
effects of the transformation, as seen in the 25 degree transformation. Aliasing effects occur
when a new colour is introduced into the image because of a transformation of a colour corner.
In colour spaces like the quasi invariant HSI or in colour boosted spaces, this new colour can
cause a major shift in the result.

The quasi invariant colour space performs best, as this approach takes only colour differ-
ences into account. Many parts of the image, like the blue shading in the ALOI object nr. 46
seen in Figure 22, are disregarded completely, and only the colour changes between different
ones are taken as interest points. This leads to a over 90% repeatability rate at a 30◦ transfor-
mation and an 85% rate after the full 50 degree transformation.

The fact that the measurement increases is also a matter of the diminished area which is
regarded after the transformation of the object. When turning the object, only the former front
side is regarded for the measurement and therefore gets smaller and less regions are considered.
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4.3 Image Retrieval
In this section, the software prototype for image retrieval is tested and evaluated. In retrieval
scenarios, the performance of different scale selection algorithms and colour spaces used for
interest point extraction is presented and compared.

The image retrieval experiments are carried out with the data described in Section 4.1. The
following variations of the proposed interest point extraction method are used:

• The OCS ScIv Harris is the proposed scale invariant approach in the opponent colour
space.

• The colour boosted OCS Harris boosts the opponent colour space with the colour statis-
tics and extracts scale invariant interest points based on this weighted colours.

• The Quasi Invariant ScIv Harris uses the quasi Invariant HSI colour space as the basis
for the interest point extraction.

The next algorithms use the same colour Harris on the same colour spaces and the Laplacian
of Gaussian scale selection as described in Section 2.2.3.

• The Ref. Harris Laplacian defines the performance of a reference implementation of
the Colour Harris with Laplacian of Gaussian scale selection on Illumination information
only. This implementation tries to use the same thresholds as the implementation by
Mikolajczyk, so as to get comparable results. It uses the proposed Colour Harris and the
Laplacian of Gaussian scale selection. Therefore, it is similar to the Harris Laplacian
approach described below.

• The colour boosted Ref. Harris Laplacian uses the reference implementation in the colour
boosted OCS colour space. It is similar to the colour boosted OCS Harris except for the
scale decision method.

They are provided by [86] used for evaluation of the proposed scale selection. The rest
of the algorithms is similar. For evaluation with other methods, the following state of the art
implementations are evaluated in the same scenarios.

• The Harris Laplacian indicates the scale invariant Harris approach from the reference
implementation by Mikolajczyk. As the scale determination, the Laplacian of Gaussian
decision is used..

• DoG uses the original SIFT binaries from Lowe6 for the interest point extraction. This is
the original SIFT algorithm as described in Section 2.3.3, where the key point extraction
is used for the interest point extraction.

6http://www.cs.ubc.ca/∼lowe/keypoints/
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All these scale invariant interest points provide the locations for the calculation of the SIFT
descriptors (also obtained using the implementation by Mikolajczyk). Therefore, the only dif-
ference between the four different retrieval tests is in the interest point extraction stage (see
Section 3.1).

The difference between two images is determined by first calculating the Euclidean dis-
tances between each possible pair of (normalised) descriptors. The N = 100 smallest distances
are then taken to calculate the distance between the images. As the retrieval performance mea-
surement, the precision and recall values are calculated for the 30 best matches to the query
image (see Section 3.4). The retrieval performance is described in more detail in the following
section.

In Section 4.3.2, the scale selection approaches are compared in a retrieval scenario with
illumination direction change. In Section 4.3.3 the experiment is taken further in comparing the
performance of the colour boosted OCS and the HSI colour space. Section 4.3.4 describes then
the result of the retrieval scenario in object rotation.

4.3.1 Retrieval Performance

As the retrieval performance measurement, the precision and recall values are calculated itera-
tively for the first results δ (q) to the query image q. The number of results considered depends
on the number of possible true positives in the data set. The values are defined as

Recall =
true positive

true positive+ f alse negative
(63)

Precision =
true positive

true positive+ f alse postive

with the retrieval results categorised as

true true result wrong

retrieved result true/wrong
true positive false positive

false negative true negative

where true positive defines a correct match according to the ground truth, a true negative a
match correctly marked as a wrong match (e.g. higher δ (q) than the true positives). False
positives are defined as wrong images that are marked as corresponding ones, also known as
a type one error. This means simply a wrong retrieval result. The most tricky error is the
f alse negative which means a correct result not retrieved from the system. This type two error
is usually considered worse than the other one, as the matching then lacks in similarity and
discriminative power.

Recall is defined by the probability that a correct retrieval result occurs, the precision is a
measurement for the probability that a retrieved result is correct.

58



(a) Light 1 (b) Light 2 (c) Light 3 (d) Light 4

(e) Light 5 (f) Light 1 and 2 (g) Light 4 and 5 (h) All lights

Figure 24: Illumination direction change on ALOI object nr. 138, camera 1. As the query
image, image (e) is used. The total data set consists of 8000 images.

The precision-recall graphs used for the visualization of the retrieval results are built itera-
tively. Each data point in the graph shows the averaged precision and recall over all queries on
the database. The data points increase the number of the regarded retrieval results iteratively to
show the distribution of the correct results.

4.3.2 Comparison of Scale Selection

The illumination direction change provides images from one object in completely equal posi-
tion, except that the light sources are changed (see Figure 24). The query image uses the most
left light (see Figure 24(e)), so that a lighting change up to 60◦ can be retrieved (see Figure
24(a)). Other circumstances seen in Figure 24(f) to Figure 24(h) are produced by switching on
multiple lights. Therefore, illumination direction and illumination power is changed over the
image.

Figure 25 shows the retrieval results using four of the algorithms listed above. As the most
popular and widely used, the Harris Laplacian implementation by Mikolajczyk provides the
state of the art performance in image retrieval. It is closed source, therefore no precise informa-
tion can be obtained about the fine implementation details.

The two Ref. Harris Laplacian rely on the approach by Mikolaczyk, but use the proposed
Colour Harris corner detector. Therefore, the illumination based Ref. Harris Laplacian should
perform equally to the Harris Laplacian. The colour boosted Ref. Harris Laplacian uses the
colour boosted OCS colour space for the region extraction.

Generally, all the algorithms show a corner in the precision/recall graph after the first seven
retrieval results. This is caused by the fact that a perfect retrieval result consists of seven true
results. These perfect retrieval results have obviously a perfect precision and recall score. For
the other queries, the true results are not disriminative enough with respect to the wrong ones
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Figure 25: Retrieval performance under varying illumination direction. Both the colour boost-
ing and the quasi invariant colour space based interest point extraction outperform other ap-
proaches. The difference between colour boosted ScIv Harris and colour boosted Ref. Harris
Laplacian is in the scale selection only, differences between Harris Laplacian and Ref. Harris
Laplacian are in implementational details only.

or not similar enough to the query image. For this dataset of very similar images, this means
that the retrieval result of these cases is unlikely to become better in the majority of the cases.
Therefore, the curve changes its shape at the 7th rank.

The original Harris Laplacian Algorithm outperforms the two Ref. Harris Laplacian in pre-
cision in the first three retrieval ranks. Therefore, for a very precise retrieval result, e.g. where
just one result is taken into account, it is more suitable.

After the first three ranks of the retrieval results, the reference implementation improves
the performance and both gain stability in their results, and the slope of the curve decreases.
The colour boosted Ref. Harris Laplacian is more precise in its retrieval rate in the first rank
compared to the Ref. Harris Laplacian, but is then outperformed. Apparently, the illumina-
tion transformation is more stable against smaller changes in the illumination direction than the
colour boosting, which may lead to unwanted major changes when the colours are changed due
to lighting changes. The proposed scale selection shows better results than the other implemen-
tations. The results show to be more stable and in the first ranks, nearly perfect retrieval results
are encountered.

This leads to the conclusion that having more stable and distinct localisations lead to better
retrieval performance. In many cases, it is not the crucial problem to extract the correct and
important localisations, but to avoid the wrong and ambiguous ones.

60



(a) Uni coloured ALOI object
nr. 161

(b) Many fine colour changes
on ALOI object nr. 196

Figure 26: Two types of ALOI objects: Colourful ones compared to uni-coloured object hold
different challenges for the colour based description.

4.3.3 Illumination Direction

This retrieval experiment has been carried out with the same data as the previous one. The main
idea of this experiment is to evaluate the impact of different colour spaces in retrieval scenarios
with varying lighting conditions.

To overcome problems of illumination changes, the quasi invariant HSI colour space has
been proposed and showed good results on colourful images. One example can be seen in Fig-
ure 26(b), where many different primary colours give stable results even under heavy lightning
changes. But as a matter of fact, much information is lost in the transformation, as it discards
all specular and shadowing changes and keeps pure colour only. It already showed good per-
formance on colourful images, but for a uni-coloured object as seen in Figure 26(a), nearly all
information is lost. The silhoutte is not properly found either, because the black background is
not defined in this colour space.

This is the other way around for the colour boosted OCS: As it boosts rare colours, it is very
likely that it boosts one of the shading effects on a uni coloured surface. Additionally it is not
specular, shadowing nor illumination invariant, so many localisations will occur. They will not
be stable under transformations, but will be more distinct than pure illumination based methods.
On fine multi coloured objects, colour boosting normally outperforms all other methods, as will
be shown in the next experiments, because the boosted colour edges remain more stable than
other illumination or coloured ones. Unfortunately, in fine colour edges, aliasing effects may
occur, which are than amplified by the boosting: Colour edges may provide new colours under
transformation, depending on the image quality. New colours may have great impact on the
resulting regions in the quasi invariant HSI and the colour boosted HSI, as the interest points
can change unexpectedly.

In having these drawbacks in the new colour spaces, a colour transformation to OCS only
is compared. As can be seen in Figure 25, the drawbacks of the different colour spaces nearly
extinguish each other: As there are several uni coloured objects in the ALOI database, the quasi
invariant colour space lacks slightly in distinction, but averaged over 1000 object classes, the
performance gain on colourful objects compensates this drawback. The same for OCS compared
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(a) 300 degree (b) 310 degree (c) 320 degree (d) 330 degree (e) 335 degree

(f) 340 degree (g) 345 degree (h) 350 degree (i) 355 degree (j) 0 degree

(k) 5 degree (l) 10 degree (m) 15 degree (n) 20 degree (o) 25 degree

(p) 30 degree (q) 40 degree (r) 50 degree (s) 60 degree

Figure 27: Data set for ALOI object nr. 290 for the object rotation image retrieval experiment.
As the query image, (j) was used. The whole experiment dealt with 19000 images.

to colour boosted OCS based approaches: Although they lead to many different results, the
averaged retrieval rates are comparable. The more distinct colour boosted edges compensate the
aliasing effects, and therefore the two approaches perform nearly equally well, with a slightly
better result for the OCS ScIv Harris.

4.3.4 Object Rotation

For this retrieval experiment, the impact of the extraction of interest points in a retrieval sce-
nario is examined under object rotation up to 120◦ as seen in Figure 27.

The retrieval scenario consists of 1000 objects captured as described in Section 4.1. For
every object, 9 images are taken rotating the object 60◦ in both directions. From 5◦ to 30◦ and
355◦ to 330◦ degree rotation, the steps are taken in 5◦ increments. Up to 60◦ and 300◦, respec-
tively, the steps are carried out in 10◦ increments. This results in a dataset of 18000 images with
an additional 1000 query images.

Since the ALOI database delivers images of objects on a dark background and image masks
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Figure 28: Precision recall graph of the retrieval experiment on the whole ALOI database. All
SIFT descriptors are calculated by the Lowe binary, differences in performance are caused by
different interest regions only.

to completely disregard the background, the retrieval is obtained by object characteristics only.
Query images are captured from the front view, the position which was omitted in the database.
Every query image is processed as described above, except that no mask is applied to it. There-
fore, it is possible, but not very likely, that descriptors located in the background can occur in
the query image.

As shown in Figure 28, the overall performance of the approach based on the colour boosted
ScIv Harris is better than the two illumination based methods. The DoG in the original SIFT
implementation outperforms the illuminance Harris, especially in low contrast, dark images. It
focusses more on the silhouette of the object, and therefore improves the performance in this
experiment. The applied colour boosting factors for the colour boosted OCS improve the ability
to describe an object under heavy viewpoint changes, as the performance is steadily better than
in OCS ScIv Harris.

For colourful objects, the Quasi Invariant ScIv Harris provides better results than the other
colour based approaches, as the colour edges remain stable even under heavy transformations.
Unfortunately, not all the objects are colourful (compare Section 4.3.3 and Figure 26(a)) and
therefore, the better performance is diminished on these objects and the approach gains the sec-
ond best performance in this experiment.

The black background provides predominantly dark images lightend with constant lighting
under all the transformations. From this point of view, the illumination only based methods
should not have problems in stability in changing contrast. In another context, the illumination
based methods suffer in great instability: when the rotating object moves a surface away from
the light source, the illumination on this surface gets less and less as there is almost no ambient
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light. This is the case for objects which provide self-shadows while turning. In these cases,
the colour boosted OCS based method performs better, as the colours get more distinctive,
especially under dark circumstances. Illumination based approaches tend to lose meaningful
locations under these illumination changes.

However, in this large scale experiment the need for a stable scale selection and meaningful
colour spaces are shown. The performance of retrieval scenarios can be raised by focussing on
distinct localisations only. The discriminative power of corners based on colour differences are
shown on a large dataset with 1000 classes, which is a huge number for retrieval experiments.

4.4 Summary
In this section, the proposed approaches for interest point extraction are tested and compared to
existing implementations. Beginning with a general overview of the impact of using different
colour spaces for corner extraction, a discussion of the focus of corners is started.

Repeatability experiments on various colour spaces, which showed to gain performance on
corners of colour differences, different scale determination approaches are evaluated under il-
lumination changes.

When testing in image retrieval scenarios, the difficult question is to find the real reason
for certain performance changes. In our experiments, the precise circumstances of the ALOI
database provide fixed image attributes, which leads to an objective discussion of the different
localisation properties. Always using the same local descriptors for different localisations, the
impact of this stage in the retrieval scenario is evaluated.

For all the experiments, the proposed approaches outperformed existing approaches in both
preciseness and overall performance. This evaluations under different, predefined circum-
stances lead us into a promising conclusion and outlook for future work in the next and final
section.
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5 Conclusion
In this section, a summary of this thesis is provided. Related work and the main contribution
are discussed. Results of the proposed approches are discussed from a general point of view.
Section 5.1 gives the overview of this thesis.

Having these new interest points, many new questions and possibilites arise: Some direc-
tions for future work are given in Section 5.2, as the new method can be used in many other
contexts. Regarding the results, the proposed algorithms may give good results in other appli-
cations, too.

5.1 Summary and Discussion
In this thesis, the main topic is image retrieval. Focussing on local interest point, the question of
what to describe is discussed and several approaches from computer science and neurobiology
are described. A state of the art of visual saliency, which builds the basis for this work, starts the
overview of automatic approaches to find salient regions in image data. Going more into history
of computer vision, the very successful corner detection approach is developed chronologically.

Having an overview of local description and some approaches for descriptor matching, all
stages of an typical image retrieval scenario are covered. The main issues of these stages are
pointed out and certain drawbacks and advantages of different colour spaces are given.

Equipped with these approaches, a software prototype is developed. Explaining why to take
certain colour properties, the piece of software is described in detail and the main contribution
is given. A new scale selection for Harris corners gives less, but more distinct, better distributed
and more stable localisations than previous methods. It uses arbitrary colour information for its
scale decision, as it processes the distribution of the colour space and not the colour information
itself. Therefore, a relaxed visual saliency function is included in the localisation decision.

Extensive experiments are carried out with different interest point extraction algorithms.
The proposed scale selection is compared to the existing one, repeatability experiments are car-
ried out and image retrieval experiments on large data sets are given. In all the experiments, the
proposed method outperforms existing methods, both using illumination or colour information.

Using colour distances for corner measurement can shift the interest points to more equally
distributed, stable and distinct locations than luminance based methods. A colour scale selec-
tion leads to a better stability under transformations. Both the corner measurement and the scale
selection can be transformed into various colour spaces, and advantage can be taken of different
properties of these transformations. Using correlated colour, boosted colour or colour invariant
information, the method gains performance over illuminance based methods.
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5.2 Outlook
In addition to the results presented in this thesis, some question arise: the most obvious one
is the question for colour local description. There are lots of possibilities to add colour in-
formation to the description phase, which should provide more discriminative results in image
retrieval scenarios. Then, the gathered information in the localisation phase can have full im-
pact on the retrieval result.

The software prototype can be redeveloped to a high performance application, to carry out
more experiments in less time. Here, the first issue is to add some faster matching algorithms
to overcome the main bottleneck of the implementation.

The extension of other localisation extraction algorithms to variable colour spaces could be
another promising field of research. This could lead to more distinct and stable localisation
without corners. One example would be the very powerful MSER approach and using the quasi
invariant colour space for image segmentation.
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