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Abstract

In this work I have examined a new approach for novelty identification that was first
presented in [59]. This approach was implemented for the task of detecting novel visual
object classes, using a state-of-the-art object detection algorithm. The chosen algorithm,
denoted CurMethod throughout this work, was developed by Leibe et al. [32] and proved
to be successful in various scenarios. In this algorithm, a generative probabilistic method
15 used to build an implicit model of the learned object class, along with a top down
segmentation. The model uses statistics collected only from instances of the target class,
and does not utilize any knowledge of background, clutter, or other classes.

A previous implementation of the same approach was recently presented by Zweig in
[03]. This implementation, referred as RefMethod later in this work, was based on an
essentially different object model, created by Bar-Hillel et. al [2]. This model explicitly
represents the object class, using a few highly distinctive parts. It is trained by a hybrid
of generative and discriminative techniques, using both positive and negative examples.

While the basic properties of the proposed novelty detection approach were presented
in [05], the focus of my work was twofold: reinforcing the validity of the approach by
reproducing similar results, using a different object model; and further investigating more
subtle aspects of this approach. Note that the choice of the current model and the ref-
erence model was done due to their success in classifying a large variety of classes, and
their different nature. Indeed, one of the appealing features of this approach is that any

model can be similarly used. The results of this work strengthen this last claim.



Chapter 1
Introduction

A number of different methods have been developed to detect and recognize object
classes, showing good results when trained on a wide range of publicly available datasets
(see e.g. |2, 33, 19]). These algorithms are trained to recognize images of objects from
a known class. Ideally, when an object from a new class appears, all existing models
should reject it; this is the only indication that a new object class has been seen.

While this approach will work in simple scenarios, it might fail in real-world examples.
On the one hand, when no object exists in the image, or when an object is of no interest
to the application, a similar indication will be obtained, as if a novel object class was
detected. On the other hand, when presented with outliers or noisy images of a known
object class , a low recognition likelihood may be achieved from all existing models.
Thus, one of the fundamental difficulties with the prevailing novelty detection paradigm,
is that negative evidence alone gives rather non-specific evidence, and may be the result
of different unrelated reasons.

This work further investigates the task of novel object class identification, i.e. “how to
detect an image from a novel class of objects”. Unlike the traditional approach to novelty
detection, the current method utilizes the natural hierarchy of objects, and develops a
more selective constructive approach to novel class identification. The basic observation
is that, while a new object should be correctly rejected by all existing models, it might
be accepted at some more abstract level of description. For example, a new face should
be ideally rejected by all models of known individuals, but accepted by a more abstract
model of a ’human face’. This kind of reasoning was implicit in some earlier work on

face recognition (see [30]). Relying on positive identification at more abstract levels



of representation allows for subsequent modelling using related classes, as done in [63],
where the representation of a new class was built from a learned combination of classifiers
at different levels of generality.

Specifically, in Section 2 I describe the new approach for novel class identification.
The case I consider is a multi-class scenario, where several class models are already
learned. A new sample will be identified as belonging to a new unknown class based on
the discrepancy between two classifiers: the first one accepts the new sample and the
second rejects it. The two classifiers are hierarchically related, such that the accepting
classifier fits a general object class description, while the rejecting classifier fits a more
specific object class. Using this approach one can note an important property — a correct
detection of a novel class is based on rejection by only a small number of related classes.
This allows us to take a discriminative approach to the problem — training the specific
classifiers only to distinguish between a particular small group of related subclasses.

To illustrate, suppose that the training data is composed of two object classes of
type 'Road Motorbikes’ and ’Sport Motorbikes’. One can use all samples from both
classes to learn a more abstract notion of the 'Motorbikes’ class. When a sample of a
new type of bike is presented, such as ’Cross Motorbikes’, this sample is similar enough
to the known classes, so that it will be accepted as a member of the general level
category - "Motorbikes’. However, specific models which are trained to distinguish 'Road
Motorbikes’ from 'Sport Motorbikes’, and vice versa, any by that are "focused" on the
fine details of the class, will probably be able to reject the new sample. This discrepancy
is used to indicate that a new sub-class of objects has been encountered, of the general
type "Motorbikes’, but of no known specific type.

This approach is general in the sense that it does not depend on the specifications of
the underlying object recognition algorithm. To investigate this point, I developed a new
implementation of the novelty detector, based on an object model by Leibe et. al [32],
and compared it to the existing implementation of Zweig [63]. Both implementations
are based on publicly available object recognition methods |2, 32|, and are essentially
different one from the other. While both methods model object classes based on their
appearance and geometrical structure, Bar-Hillel et al. [2] proposed an explicit shape
model, learning objects parts and relations among parts, and classifying objects using a
maximum-likelihood criterion. Leibe et al. [32], on the other hand, proposed an implicit

shape model where a distribution over codebook words and their locations is learned,



and classification is obtained using a generalized Hough transform scheme. Another
significant difference is that in [2] single object models are learned using both positive
and negative examples. Thus, this is a discriminative algorithm, whereas in [32| only
positive examples are used.

I tested these algorithms experimentally (see Section 3.4), using different scenarios:
Various levels of discriminativity were developed and tested; Models were tested using
images of different qualities, by adding different levels of Gaussian noise; and finally,
two types of class hierarchies were used, one tight and one sloppy. Most of the tests
were executed on two sets of objects: a facial data set, where the problem is reduced to
face verification |13, 12|, and a set of motorbike images, extracted from the Caltech256
bench-mark dataset [23].

I found that discriminative methods, which capture distinctions between the related
known sub-classes, perform significantly better than generative methods. This is the
first evidence that our working hypothesis might be valid, and thus our approach, which
allows detecting novel classes using discriminative methods, indeed helps. I also demon-
strate in the experiments the importance of modelling the hierarchical relations as tightly

as possible, and the specificity of this approach, when confronted with noisy input.

1.1 Thesis Structure

This thesis is organized as follows: The rest of this introductory section reviews related
research in the field of visual object recognition, in section 1.2, and novelty detection,
in section 1.3. Naturally, I emphasized issues that are relevant to this work, such as
the local versus global representation of an object model 1.2.1, the concept of part
based models 1.2.2, the usage of object hierarchies to improve recognition 1.2.3, and
the differences between discriminative and generative approaches 1.2.4. An overview of
existing novelty detection techniques will close this chapter 1.3.

In chapter 2 I present a new approach to novelty detection and its current imple-
mentation. I review the basic object models 2.1, the two levels of the novelty classifier
(2.2 and 2.3), and the combined algorithm 2.4. Chapter 3 covers the details of the
experiments, including datasets, implementation issues, setup, and the results of the ex-
periments (sections 3.4, 3.5, 3.6, and 3.7). Lastly, chapter 4 concludes with a discussion

on the results, and possible future research.



1.2 Visual Objects Classification

Visual object classification refers to the task of assigning a correct label to a given image,
based on the content of that image. In practice, this usually reduces to either a binary
decision (“does the target object appear in the image?”), a multiple choice (“which of
the target objects is most likely to appear in the image?”), or a detection task (“where
is the target object in the image?”).

The framework usually includes a description of the object or class of objects, a
classification method that distinguishes the target object from the other objects, and
a recognition method that will tell which is the most likely class to appear in a new
unseen image. There is a vast amount of different algorithms that try to accomplish one
or more of the above tasks, and new ones still appear. [ will briefly review the previous

work conducted in the field, emphasizing the distinctions that are relevant to this work.

1.2.1 Local vs. Global Features

One of the traditional disputations in the field of object classification was the usage of
local features against using global features. In the first category, the common approach

"1 Here, many interesting visual features are collected from

is known as “bag of words
all over the image, and based on the statistics of these features, a decision is made
(either the target object is present or not). Each of these features represents only a
small area of the image, and does not contain information about the global shape of the
object. In contrast, the latter category includes features that capture the appearance
of the object as a whole, such as template-based and shape-based methods. While “bag
of words” methods are computationally cheap, robust to occlusions, and invariant to
different transformations (depending on the characteristics of the descriptor), they lack
the accuracy and discriminability of shape-based methods.

When talking about local features we refer to an unordered set of locations in the
image (called also “interest points”), which are represented by some vector of properties
(usually called the feature's “description” or “descriptor”). These features usually do not
contain any information about the shape or geometry of the object, and their description

refers only to a small area of pixels (patch) around the interest point. Once a set of

!The term “bag of words” comes from text analysis tools, where the statistics were actually calculated
over the distribution of the words in the text



feature-descriptors is collected, a histogram of these features is calculated, and used as
the image representation. This representation is used in order to learn the target object’s
model, at the training stage, and in order to classify a new image. Various classification
methods can be applied at this stage, among them Nearest Neighbor techniques, SVM,
Gaussian Mixture Models, and others (see for example [11, 36, 60]).

The methods for finding the interest points (detectors) and describing them (de-
scriptors) are varied and go back at least to Beaudet’s Hessian corner detector in the
1970's (see [16]). The goals, however, remain the same to this day: quickly and effi-
ciently detect those locations in the image which hold the most significant information
and yield the best representation, and describe them in a way that achieves uniqueness
and repeatability. This means, in practice, that different locations over an object should
have different descriptions, while the same location over different instances of the same
object should have a similar description. Note that the appearance of different instances
of an object or a class of objects can change due to variations in point of view, scale,
illumination, partial occlusion, non-rigid deformations, noise, and inter-class variability.

The Harris Corner Detector (reviewed in [54]) was one of the first successful at-
tempts to implement such an interest point detector, and perhaps the most famous even
to this day. Both Tuytelaars and Mikolajczyk [54], and Moreels and Perona [16], survey
many other approaches, among them: the similar Hessian corner detector; the somehow
complementary blob detectors, such as Maximally Stable Extremal Regions (MSER);
Intensity-Based Regions (IBR) and Edge-Based Regions (EBR); scale preserving vari-
ants using Laplacian Pyramids or Difference of Gaussians (DoG) (e.g. Harris-Laplace);
segmentation based methods (using Graph-Cut or similar algorithms); detectors based
on machine-learning algorithms (SVM, Decision Trees); and methods finding salient re-
gions in the image, such as the detector by Kadir and Brady, based on entropy and
self-dissimilarities [28].

When talking about local feature descriptors, our goal is to develop a vector repre-
sentation of the interest point, that will specific to the described location, on one hand,
but invariant to different transformations, on the other hand. The most intuitive way
is simply to describe a fixed size patch around the interest point, usually after applying
color or intensity normalization techniques. This can be done by simply converting the
image patch to a vector, but this lacks almost any invariance characteristics. One so-

lution is using PCA, FFT, DCT, or similar algebraic dimension reduction, in order to



improve the invariance to noise and allow better generalisation (see for example [3]).

In order to introduce invariance to scale and rotations, Lowe developed SIFT (Scale
Invariant Feature Transform) descriptors [36]. This method contains a normalized his-
togram of gradients around the point, for scales that exhibit extrema in the DoG of the
scale-space. This approach was followed by many variants as PCA-SIFT [29] and the
more efficient SURF (Speeded Up Robust Features)[24]. For region based detectors, a
natural description is simple blobs, such as ellipses for the previously mentioned MSER
detector [12]|. Finally, the Shape Contexts descriptor, which was introduced by Belongie,
improves shape specificity, by representing a histogram of locations and orientations of
neighbouring edges [6].

In contrast to the local features approach, researchers developed many different
methods for global features. This description tries to capture the essence of the im-
age/object/class as a whole, instead of describing many small locations. Global descrip-
tors can be very accurate and specific, but usually lack the robustness and invariance of
the local features approach.

Among these techniques I will first mention histogram-based methods, which describe
the general properties of the image, as color, edge-orientations, oriented gradients, or
responses to different filters (Haar-like, Gabor, etc) [11, 1]. Template matching, in con-
trast, emphasizes on the global shape, as was efficiently implemented for a pyramid of
edges in the Chamfer Matching [8]. Eigenfaces (or eigenvectors in general), and Fisher-
faces apply factorization and representation of the learned object into a lower-dimension
algebraic base, thus capturing the prominent features only (see a comparison in [5]).
The Active Shape Models solve the optimal representation of the object’s contour, and
the Active Appearance Models combine that with the appearance/texture (see [13]). On
the other hand, already in 1978 Marr and Nishihara [10] have recognized the advantages
of sticks representation (or skeletoning, as sometimes called today) for representation.
A few years ago Viola and Jones described in [57] a robust real-time detector, which
combined shape and appearance. They used a boosting scheme to learn a cascade of

simple Haar features, resulting in a very efficient classifier.

1.2.2 Part Based Models

Since these two approaches are so different, they have complementary strengths and

weaknesses. It is not surprising that the latest developments in the field try to combine



them and thus compensate for one another's limitations. This approach is often referred
to as “part based models” or “constellation models”, indicating that we have (at
least) two different levels of description: a general one, describing the appearance and
structure of the whole object and the spatial relations between its smaller parts, and a
part which describes a specific location on the object. Note that this can be a multi-
level system, with a hierarchy of parts, as proposed by Marr and Nishihara [10]. Think
for example about a possible description of a person, including the following parts and
model: the body at the center, the head on top, two hands at the top-left and top-right
sides, two feet at the bottom-left and bottom-right sides. We can further describe the
hand part as: arm on the top, hand in the middle, and palm at the bottom. Similarly,
we can describe the palm as a composition of fingers and so on.

On the one hand, this approach is more accurate and specific than the “bag of
words” or “global representation” described above, since it models the shape of the
objects in addition to its appearance. On the other hand, it can represent classes with
relatively large variability, as it allows some flexibility in the shape, as long as similar
parts are present in a similar formation. The main disadvantage with this models is that
they tend to be complicated, with many parameters to estimate and tune. This makes
the methods computationally expensive, both in the learning and in the recognition
stages, and requires additional manual human interference (e.g. for labelling images and
tuning parameters). Specifically, the computational cost might grow exponentially in
the number of parts, which limits most of the models to 5-10 components.

Early works appeared already in 1973, when Fischler and Elschlager created a physically-
based model, in which the parts (components) are described as masses connected by
springs [21]|. This work was later revisited and implemented efficiently by Felzenszwalb
and Huttenlocher [17], who showed how to solve the minimization of an energy func-
tion, measuring both a match cost for each part and a deformation cost for each pair
of connected parts. Fergus et al. present a probabilistic approach, modeling objects as
random constellations of parts, where shape, appearance, occlusion and scale are learned
statistically [18].

Recently, Star-shaped constellations have become popular due to their reduced com-
putational cost, resulting in many works, such as Bar-Hillel [2| and Fergus [19] (explicitly
learning a small number of prominent parts), or Leibe [32] (implicitly learning the shape

of the object using thousands of simple features). The models of Bar-Hillel and Leibe



will be described in more detail in section 2.1. Lately, Osadchy and Morash showed
in [18] that even a loose shape model can gain superior performance. In their model,
image parts are represented by an ordered set of bags-of-features, computed in local
overlapping areas around the part, and a semantic distance between images is obtained
by matching parts using both their appearance and their context distribution.

A different approach was taken by Tomaso Poggio’s group [50], and by [26], who
simulate visual cortex mechanisms. Here we have a multi-layers model with hierarchical
features, where each feature is a combination of features from lower layers (except the
lowest, first, layer). The hierarchy is created so that each layer is more invariant to
transformations than the previous one, and more specific (detailed). In Riesenhuber
et al. the model is biologically based, inspired by the early stages of the visual cortex
and tuned according to researches on humans and animals. The classification is done
using standard off-the-shelf tools at an intermediate level representation. In [26] the
layers get more and more specific and complex, until the uppermost layer contains the

classification result for a target object.

1.2.3 Hierarchical Classifiers

As the algorithms for classification rapidly improve, new goals are set by researchers
in order to solve real world problems. One of the common tasks is to identify a very
large number of classes, from as few as possible training examples. The new challenges
now, in addition to the accuracy of recognition, are: limited computation resources
(CPU, memory, time); very large amounts of data, but limited or inaccurate training
information (annotated datasets); and the very large variability of the classes. This
scenario implies that we might have many object classes with only a few training samples
for each class. Thus we have to transfer knowledge between classes and take advantage
of similarities between related objects. The development of hierarchical classifiers is one
of the promising directions for solving this problem.

Fei-Fei [16] uses prior probabilities learned from three classes in order to improve the
classifier for a new class, in a one-shot-learning scenario (only 1-6 positive examples).
Bart and Ullman |1| learn a novel class by selecting features that proved useful for pre-
viously learned classification tasks, and adapting these features to the new classification
task. They show that when ten classes were already learned, even a single novel-class

example is enough for learning useful classification features. Fink [20] learns a metric be-



tween instances of object classes, that emphasizes inter-class variability over intra-class
variability, and then he applies a nearest neighbour classifier to distinguish between the
learned classes. With this approach he succeeds to classify novel classes using a single
training example.

Sudderth et al.[52] further define three different levels of information sharing in their
model for similar scenarios: first, parts are composed by spatially combining low level
features from a single pool; second, objects are defined by histograms of parts, and
third, scenes are classified using spatial relationships between those objects. Levi et al.
[31] assume that similar features are useful to classify sibling categories in a hierarchy
(e.g. fruits), and apply a boosting framework to select those features, based only on few
examples per class.

Bar-Hillel and Weinshall take a different approach for exploiting class similarities
in a hierarchy, showing that the combination of classifiers from two different levels of
abstraction, results in a better recognition performance |3]. A more general (abstract)
classifier gives good recall, while a specific one has higher precision, thus combining
them wisely gains from both worlds. This last property is exploited also in the proposed
novelty detector.

A different way to exploit similarities between classes is demonstrated by Marszalek et
al. [11], who take advantage of semantic hierarchical relations from a language thesaurus
to build a multiple layers classifier. Detection of objects in an image is done using a
top-down search of the tree, where in each stage a discriminative classifier is trained to
separate all semantic concepts belonging to one node from all the concepts belonging to
its siblings (in a similar fashion to|63]).

All the above works assume that the hierarchy of objects is given, at least to some
extent. Recently there has been some interest in learning the object hierarchies in order
to remove this assumption [51]. Such results can be naturally integrated in the current

framework, but it is beyond the scope of this work.

1.2.4 Discriminative vs. Generative Approaches

Another important distinction between object classifiers is the question of discriminative
vs. generative models. Since one of the goals of this work is to compare a generative
approach [32] to a discriminative one [2] in a similar framework [63], we will discuss some

of the main issues regarding this question.



Intuitively when talking about a discriminative method we refer to a classifier that
discriminates the different object classes (often it will be the target class and a back-
ground class), while a generative method defines a model that explains how to generate
an instance of the target object class. Adopting Bishop’s definitions [7], from a proba-
bilistic perspective, our goal is to find the conditional distribution p(c|x), where x is the

representation of the data sample, and c is the class label.

Discriminative Methods One common approach to this problem is to represent
the conditional distribution using a parametric model, and then to determine the pa-
rameters using a training set, consisting of pairs {x,; c,} of input vectors along with
their corresponding target output vectors. The resulting conditional distribution can be
used to make predictions of ¢ for new values of x. This is known as a discriminative
approach, since the conditional distribution discriminates directly between the different
values of c.

As already mentioned, there are numerous classification algorithms, and all fall in one
of these categories, or use a combination of them. Some of the popular discriminative
methods are: Logistic Regression, Support Vector Machines (SVM), traditional Neural

Networks , and Decision Trees (see reviews in [27, 31]).

Generative Methods An alternative approach is to find the joint distribution
p(x,c), expressed for instance as a parametric model, and then subsequently use this
joint distribution to evaluate the conditional p(c|x) in order to make predictions of ¢ for
new values of x. This is known as a generative approach since by sampling from the
joint distribution it is possible to generate synthetic examples of the feature vector x.

Some of the popular generative methods are: Naive Bayes, Gaussians, Mixtures
of Gaussians, Mixtures of Multinomials, Mixtures of Experts, Hidden Markov Models,

Sigmoidal Belief Networks, Bayesian Networks, and Markov Random Fields [27].

Recently researchers started to investigate the strengths and weaknesses of the two
approaches in general, not only for specific classifiers. There are at least four benefits
for using discriminative approaches over generative ones. First, it was shown that the
asymptotic error of discriminative methods (in the number of training examples) is lower
than for generative ones, when using simple learning models [17]. Second, in order to

use a generative method, one must come up with a relevant model, which can be hard
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to define, and task dependant. This classifier can have poor generalization if the learned
model is inaccurate [55, 10]. Specifically it may be hard to estimate well the prior
probabilities of the parameters [31].

A third reason to prefer discriminative methods is that generative models do not take
advantage of available “negative” examples (the other classes). Thus the learned model
might not be optimal for the discrimination task, resulting in inferior performance. This
is especially true when the target classes are similar (low between-class variability)?.
Last, generative classifiers tend to be more complex, and thus more computationally
expensive, since it is required to optimize the model [31].

On the other hand, there are at least five good reasons to choose generative methods.
First, when there are few training examples, generative methods achieve better results
[47, 55]. Second, in [7] it is shown that generative methods can improve classification
by using unlabelled training data, while this is not possible with pure discriminative
methods. Third, prior information, which can be naturally incorporated in generative
methods, was shown to be useful in few-training-samples scenario [31]. It is not clear
how to use this knowledge in discriminative methods. Fourth, when learning to identify
a single class, discriminative approaches must get as input both positive and negative
examples, in order to learn a separation. As a consequence we have to collect data
containing all the variability of the non-class examples, which can be a very difficult
task in real world applications |25].

The last reason arises when building systems that learn thousands of classes. In
this case it might not be feasible to learn all classes at once, as required by discrimi-
native methods [31]. Moreover, when employing discriminative approaches in the mul-
tiple classes scenario, it is not clear how to detect the most likely class: one-versus-all
classifiers might be less efficient (as they are less discriminative), while one-versus-one
classifiers require an exponential number of classifiers (since we need to compare every
two classes). Similarly, a difficulty arises when adding new classes to an existing dis-
criminative system, as this might force the retraining of all existing classifiers. In the
generative approach, on the other hand, each classifier can be trained independently,

and if needed, even different models can be used for different classes.

2Experiments proving this intuitive claim are presented here in section 3.5
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Hybrid Methods Because of the complementary nature of the above strengths
and weaknesses, researchers believe that we can get the best of both worlds by com-
bining them. I will explore recently proposed algorithms for hybrid methods, showing
representative examples for each one. A popular approach, due to the success of bag-of-
words methods, was the creation of discriminative codebooks, which was implemented
in several ways, including [62, 58, 45, 60, 56]. These codebooks can be naturally used
by generative algorithms. Yang et al. [35] went a step beyond discriminative codebooks,
defining a unified framework for optimizing the codebook specifically for the learned
classifier (a discriminative one in their case).

The converse approach, learning a discriminative classifier over generative features
or models, was shown by |25, 9, 26]. Holub et al. [25] use Fisher Scores (Fisher Kernels)
extracted from a constellation model; Bosch [9] performs SVM classification over a pLSA
model; and Huang and LeCun [26] present a hybrid system, where a convolutional
network represents the images, and an SVM is trained for the classification . A two
stages classifier was described in [22], where hypotheses for detections are first generated
by ISM model and then refined using SVM.

Other researchers developed hybrid optimization problems, which introduce families
of classifiers by interpolating the two approaches. Works, such as Bouchard and Triggs
[10], or Bishop and Lasserre |7], claim that balancing the effects of the generative method
with the variance of the discriminative one, outperforms both approaches, and they

investigate the definitions of such scenarios.

1.3 Novelty Detection

The proposed implementation uses a recently presented approach to novelty detection,
based on the detection of incongruities |[59]. Other existing methods for novelty de-
tection, in contrast, identify novel events by estimating the boundaries of the known
classes, in a generative manner (see [38, 39| for recent reviews). For example, some
estimate a spherically shaped boundary around a single class data set [53], others learn
a hyper-plane which separates the class representation from the rest of the feature space
(one class SVM) [19], and others still utilize the non parametric Parzen-window density
estimation approach [61].

A few methods use a multi-class discriminative approach, as in the case of [15] for the

12



detection of novel objects in videos, and [12] for the specific task of face verification. To
our knowledge, all novelty detection approaches which do not rely on samples of outliers
or otherwise model the outliers’ distribution, detect novelty by rejecting normality (i.e.
novelty is identified when the classifiers of all the known classes reject a new sample).
One of the main problems with this approach is that when some input is rejected, we do
not have any information about the reason for the rejection. Specifically we cannot dis-
tinguish an unknown (but interesting) event from noise. The current approach addresses
this problem directly, by identifying novelty only in events that satisfy certain conditions

(in other words, that are accepted by some general level classifier as “interesting”).
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Chapter 2

Novelty Detection Approach &
Algorithm

In order to identify novel classes, the proposed approach is to detect discrepancies be-
tween two levels of classifiers that are hierarchically related. The first level, explained
in section 2.2, consists of a single "general category’ classifier, which is trained to recog-
nize instances of any known sub-class. The second level is based on a set of classifiers,
each trained to make more specific distinctions and classify objects from a small group
of related known sub-classes. Using these specific classifiers, a single classifier is built,
which recognizes a new sample as either belonging to one of the set of known sub-classes
or not. Further details are given in section 2.3.

Finally we look for a discrepancy between the inferences made by the two final
classifiers, from the two different levels. Specifically we are interested in the case, where
the general-level classifier accepts a given input, while the specific-level classifier rejects
it. This indicates that the new sample belongs to the general category but not to
any specific sub-class, or in other words, it is a novel, interesting class. In section 2.4 1
elaborate on the combination of the classifiers. This algorithm is described more formally
in 2.3.1.

Note that even though I presented a two-levels algorithm, the approach can be easily
extended to more levels, where each intermediate level serves as the ’specific level’ for
the parent level, and as the ’general level’ for the child levels. Developing this extended
hierarchy is out of the scope of this work.

It is interesting to see that the classifiers at the different levels can be chosen in-
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dependently, and it is an open question how to select the best classifiers for the tasks.
Later in this work I will further investigate this issue. Section 2.1 shows the classifica-
tion algorithm that was chosen for the tests, and the reference algorithm, by Zweig [63].
Both algorithms can learn any visual object class, and both proved to be comparable to

the state of the art algorithms.

2.1 Basic Object Classifiers Implementation

In order to validate the above mentioned approach for novelty detection, I have imple-
mented a classifier, based on a well known object detector (see CurMethod in section
2.1.1). This implementation was tested and compared to an existing implementation,
which uses a different object classifier (see RefMethod in 2.1.2). Each implementation
has its own strengths and weaknesses. As I will now show, both of the methods belong to
the part-based-models family, and both use a star-shaped constellation of parts. These
parts, in turn, are chosen from a set of features that was extracted by an interest point
detector, and represented by a chosen descriptor.

On the other hand, the current method is a purely generative method, with thousands
of less significant features, while the previous one uses a combination of generative
representation with a few discriminatively selected features. Due to their nature, the
former classifier uses only positive examples, while the latter needs both positive and
negative examples. We should also note that RefMethod was designed to discriminate
between two target classes, while CurMethod was designed to locate multiple instances
of a single class. Thus, both methods had to be slightly modified, in order to suit the
task of image classification.

A common preprocessing step is applied to all input images with both methods, at
the training and at the classification phases. Each image is first processed by an interest
point detector, resulting in an unordered set of visual features. This feature set usually
contains several hundred features in various scales, with considerable overlap. Each
feature is represented by a visual descriptor, and this description vector is augmented
by the location of the feature and its scale. The final feature descriptors are the image

representation (i.e. the input) for the methods below.
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2.1.1 CurMethod

The chosen object detection algorithm, in [32, 33|, starts by extracting a codebook of
local appearance descriptors. This codebook is based on the detection of interest points
in the training images of the learned class. Next, for each codeword, a vector of possible
occurrences over the instances of the class is calculated. Each entry contains the ID of the
codeword, its location (relative to the center of the object), its scale, and a probability
weight. This weight is proportional to the frequency of appearances of the codeword in
this specific location and scale. If available in the training dataset, a segmentation mask
(foreground /background probability per pixel) is also kept for each occurrence. At the
end of this stage we obtain a vector of occurrences per class, indicating the probability
to see each feature at a specific location and scale, relative to the center of the object.
Notice that in contrast to many popular constellation models, there could be hundreds
or thousands of occurrences for a single object instance (compare for example to the
number of parts selected in RefMethod).

At the detection stage, the first step is searching all codebook features at all possible
locations in the image. Then, using the Generalized Hough Transform, each codeword
occurrence gives a weighted vote for one or more hypotheses (location and scale of a
target class instance). Local maxima are searched in this 3D space (X-coordinate *
Y-coordinate * Scale) in order to decrease the number of plausible hypotheses. For each
hypothesis a score is now calculated by summing its votes, and only those hypotheses,
which passed a learned threshold, are kept. An MDL score is calculated for the final hy-
potheses, by optimizing the percentage of the image that is explained by the hypothesis.
This is done by applying the segmentation masks that are attached to the occurrences,
and calculating the amount of pixels that are covered by the foreground part of the
masks.

The final score for an input image is obtained by choosing the score of the most likely
hypothesis and comparing it to a learned threshold. Note, that unlike RefMethod, this
method is based solely on positive examples during the entire learning phase, and is not

trained discriminatively.
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2.1.2 RefMethod

The reference algorithm from [2] learns a generative relational part-based object model
with P parts, where each part is implemented by a single visual feature. The model is
described by the appearance of the parts and their location and scale, relative to some
object center. These relations are captured by a star-like Bayesian network. The model
parameters are discriminatively optimized using an extended boosting process, which
uses both positive (object) and negative (background) input images. Based on this model
and some simplifying assumptions, the likelihood ratio test function is approximated
(using the MAP interpretation of the model) by

maxzurglgé log p(u|C, %) — (2.1)

with P parts, threshold v, C' denoting the object’s location and scale, and Q(x) the
set, of extracted image features.

In order to allow single class classification, I train the classifier with positive examples
of the target object class and negative examples of “other” instances. These can be
clutter images, unrelated objects, other classes from the hierarchy, or sibling classes in
the hierarchy, depending on the task. A threshold is learned in the training phase, to

distinguish the target class from the other classes.

2.2 General Category Level Classifier

In order to learn the general category level classifier, we consider a small set of related
known classes as being instances of a single (higher level, or more abstract) class. In
accordance, all the examples from these known classes are regarded as the positive set
of training examples for the more abstract class. For example, both Road and Sport
motorcycles are examples of the general category Motorcycles. When a negative set
of examples is needed for training (as in RefMethod), we use either clutter or different
unrelated objects (none of which is from the known siblings). As will be shown in section
3.4, this general classifier demonstrates high acceptance rates when tested on the novel
sub-classes.

Let us note that we cannot assume in advance that there exists any similarity of
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appearance or shape between the general categories. This is essentially task dependant,
where in the worst case there might be hundreds of categories, which might be extremely
different one from the other (e.g. motorcycles, cars, people, fish, quadrupeds, tables,
and so on). For these reasons different general category classifiers may use different
representations, classification methods, and scores, and for such we cannot compare
them. Therefore we treat each category independently.

When given an input image we run the general category classifier; if the score is
above a learned threshold we accept the image, otherwise we reject it, regardless the

decision of other general level classifiers.

2.3 Specific Category Level Classifier

At the specific level classifier the problem is essentially reduced to the standard novelty
detection task of deciding whether a new sample belongs to any of the known classes or
to an unknown class. However, the situation is somewhat unique and we take advantage
of this: while there are multiple known classes, we are not interested in comparing all
of them. We only compare a limited number of sibling classes under a single hierarchy
branch. Here all the classes are part of one general category (in practice the number is
bounded by the degree of the hierarchical tree).

Having a common parent, these classes share some shape and appearance proper-
ties, leading us to the assumption that a model based representation might be useful.
Furthermore, under these conditions, a generative classifier may have a hard time rep-
resenting the unique features of each class, while a discriminative approach could take
advantage of that by ignoring the common features and emphasizing the discriminating
ones. Following the example of the previous section, at this level we know that we are
looking at a picture of a motorcycle, we now need to decide if it is a known type (Sport
or Road), or a new one.

The training procedure of the specific level classifier is summarized below in 2.3.1

with details following, while the classification process is described in 2.4.
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2.3.1 Training the Specific Category Classier

Algorithm 1:

1. For each specific class, build a discriminative classifier with:
positive examples: all images from the specific class

negative examples: images from all sibling classes
2. Compute the Normalized Confidence function.

3. Choose a classification threshold for novel classes.

Step 1: Training the single class classifiers

To solve the multi-class classification problem, in Step 1 of the algorithm I train a
discriminative object class classifier for each of the known specific classes and classify
a new sample according to the most likely classification (max decision). For each of
the two implemented object recognition methods used, we exploit the discriminative
information in a different manner.

CurMethod uses only positive examples when building the object class model. Given
such a model, object class classification is done by comparing the score of a new image
to a threshold, see section 2.1.1. In order to incorporate the discriminative information
of sibling subclasses, I choose the threshold that achieves an equal error rate for the
classification of the known class against its known siblings on a validation set, for each
single class classifier.

Using RefMethod, it is possible to incorporate the discriminative information in the
training phase of each of the single known classes-specific classifiers. Each single class
classifier is trained using all images from its siblings (other known classes under the same
general level class) as negative examples. Thus, the specific level object model learned
for each known class is optimized to separate the class from its siblings.

Step 2: Normalized Confidence Score

For a new sample x which is classified as C;, we obtain an estimate for classification
confidence Vg, (x). This value is either the output of the learned classifier, when using
RefMethod, or the distance to the learned threshold, when using CurMethod. After the
max operation in Step 1, this value reflects the classification confidence of the multi-

class classifier. Given this estimate, the goal is to derive a more accurate measure of
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confidence in order to decide whether or not the classified sample belongs to the group
of known sub-classes.

To do this, a normalized score function is defined. This score normalizes the confi-
dence estimate V,(x) relative to the confidence estimates of correct classifications and
wrong classifications, which was measured during training or validation.

Specifically, let V{5 denote the average confidence of train or validation examples,
classified correctly as C;. Let V% denote the average confidence of train or validation
examples from all other sub-classes, mistakenly classified as belonging to class C;. The

normalized score S(x) of x is calculated as follows:

(Ve (x) — Vi)
Ve, = V&)

S(x) = (2.2)
If the classes can be well separated during training, that is V5 >> V& and both groups
have low variance, the normalized score provides a reliable confidence measure for the
multi-class classification.

Step 3: Choosing a novelty detection threshold

Unlike the typical discriminative learning scenario, where positive and negative ex-
amples are given during training, in the case of novelty detection no actual negative
examples are known during training. In particular, when the specific-object classifiers
are trained, they are given no example of the unknown sub-classes whose detection is
the goal of the whole process. Moreover, note that the discriminated classes can be
very similar, as they belong to the same general category. Following our example, it is
now required to distinguish a Sport Motorbike from a Road Motorbike, and not only a
Motorbike from other objects.

Under these conditions it becomes advantageous to set rather conservative limits on
the learned classifiers, more than indicated by the train set. In other words, in order
to classify a new sample as known (a positive example for the final classifier), a higher
classification confidence will be needed. This is done by setting the threshold of the
normalized confidence measure to reject more than originally intended during training.
As can be deducted from step 2, the normalized confidence measure lies in the range

|0..1], thus we set the threshold in our experiments to 0.5.
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SL Accepts SL Rejects

GL Accepts

Known sub-class Unknown sub-class

GL Rejects

Irrelevant event

Table 2.1: Basic classification results of the novelty detector

2.4 Combined Novelty Classifier

Putting it all together we get the following novelty classifier:

Algorithm 2:

1. Given a new image, set it as input to all the general category classifiers

- If no classifier accepts the image, tag it as “irrelevant” (or uninteresting) and quit.
- If any classifier accepts the image, mark it as AGC (accepting general category)

and proceed to step 2.
2. for each AGC perform:

(a) Set the image as input to all the specific category classifiers that are children

of AGC.

(b) Pick the classifier that gained the maximal normalized-confidence-score and

mark it MSC (maximal specific category).

(¢) Compare the score of MSC to the novelty-detection-threshold:

- If the score exceeds the threshold, tag the image as an instance of the MSC

- Otherwise tag the image as an instance of a new unknown subclass of AGC

If we look at a single general category, there are basically two stages: running the
general category classifier, and running the specific categories classifiers. One way to
analyze this is as two random variables, GL (general level classifier) and SL (specific level
classifiers). Both variables will either have the value “accept” or “reject”. Note that for
SL, “accept” means that any of the sub-classes classifiers accepted, and “reject” happens

only if all sub-classes rejected. The result is the table 2.1, containing the responses of

the classifiers and their interpretations.
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SL Accepts SL Rejects

GL Accepts Known sub-class Unknown sub-class

GL Rejects Misclassification? Irrelevant event

Table 2.2: Extended classification results of the novelty detector

The bottom line of table 2.1 is actually a single option, since SL is not running in
this scenario. We could modify the algorithm to run independently the two stages, and
then we get the responses in table 2.2.

By design, the bottom-left response in table 2.2 should never occur, since all SL
classifiers were trained on a data, which is partial to the GL classifier. Thus, this
output may be important as indication to a classification error, and this might be useful
when evaluating the system. Alternatively, if this response is consistent across multiple
examples, it probably indicates something more fundamental. Remember that the GL
and the SL classifiers can be essentially different, and rely on different aspects of the
input. Thus, if the misclassified examples are really instance of SL, this may suggest a
problem with the hierarchy, specifically that the GL is not general enough. The bottom
line is that the bottom-left square is tricky, and although it should put a warning sign

in front of our face, this warning should be handled with real care.
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Chapter 3

Experiments

3.1 Datasets

As in [63] T used two different hierarchies in my experiments, as reviewed below.

In the Faces hierarchy, the general (parent) category level contains images of frontal
female faces, taken from [37]. The specific (offspring) classes are six different individuals
from this source (see Figure 3.1). A mixture of general object images was used as
negative examples.

The Motorbikes hierarchy uses, as the general category, images from Caltech-256 23]
that are tagged as Motorbike. This category was manually split into the following spe-
cific classes: ’Sport-Motorbikes’, "Road-Motorbikes’ and ’Cross-Motorbikes’ (see Figure
3.2). 22 other object categories were also taken from [23], in order to serve together
with the Motorbikes as the pool of object classes. These were used both as unseen-
objects (described in section 3.4) and for the random grouping (described in section
3.7). The ’Clutter’ category images were used as negative examples. Figure 3.7 shows
the Motorbikes hierarchy and a possible hierarchy of some unseen objects.

The two datasets exhibit different challenges, resulting from different variance among
the hierarchy classes. In the Faces dataset, the specific classes have a very low variance
(same size, pose, and lighting), and similarly the general category. On the other hand,
the Motorbikes dataset has a relatively high within-class variance both in the specific

and the general categories, and a low between-class variance.
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KL

Faces

Other Other
Objects Objects

Figure 3.1: Examples from the object classes in the 'Faces’ hierarchy, taken from [37].
The specific classes represent different individuals. A mixture of general object images
were used as negative examples.

Sport, Road Cross Clutter
Motorbikes Motorbikes Motorbikes

Figure 3.2: Examples from the object classes and clutter images, used for the "Motor-
bikes” hierarchy. The specific offspring levels are: ’Sport-Motorbikes’, "Road-Motorbikes’
and 'Cross-Motorbikes’. These images were taken from the Caltech-256 [23] dataset. Im-
ages of the Clutter category are used as negative examples.

3.2 Models Representation

CurMethod was trained using the Harris-Laplace feature detector |11, and the features
where represented using the Shape-Context descriptor [6]. The clustering of the visual
codebook was tuned to produce codebooks of several hundreds visual words, resulting
in occurrences vectors holding tens thousands of entries.

RefMethod was trained using the Kadir & Brady feature detector [28|. The features

are normalized to uniform size, zero mean and unit variance. They are then represented
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using their first 15 DCT coefficients. The model contains 30 parts.

It is important to note that since the role of the visual words differs significantly
in the two methods, I did not try to use the same feature detectors and descriptors as
in RefMethod. This might have given an undesired advantage to one method over the
other. Instead, I decided to use the configurations that gave the best results for each

method independently, and focus on comparing only the classification results’.

3.3 Experiments Setup

A single experiment repetition consisted the following steps (as explained in 2.3.1):
e Random splitting of the images from the specific-classes to train and test sets
e Training all known specific level classifiers, each one using its own train set
e For each known class c:

— Selecting ¢ as the unknown class, and the other specific level classes as the

known classes

Training the general level classifier using all the known-classes train set

Learning the thresholds for each classifier

— Running all the classifiers on the test set, and evaluating the classification

results

All experiments were repeated at least 25 times with different random sampling of test
and train images. In each repetition, for each dataset with n classes, n conditions are
simulated, leaving each of the classes out as the unknown (novel) class, and using the
rest as the known classes. 39 images were used for the training of each specific level class

in the "Motorbikes” hierarchy, and 15 images in the 'Faces’ hierarchy.

!For a more comprehensive discussion on the issue of comparing generative and discriminative meth-
ods in a fair framework, see section 4
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3.4 Basic Results

Figure 3.3 shows classification results for the discriminative approach described in Sec-
tion 2.1.2. These results show the classification rates for the different types of test

samples:
e Known - samples of all classes that were used at the training phase

e Unknown - samples from the novel class that belongs to the same General level as

the Known classes, but has been left out during training

e Background - samples of classes that do not belong to the general level, and were
used as negative examples for the threshold computation (in CurMethod), or dur-

ing the training phase of the General level classifier (in RefMethod)

e Unseen - samples of objects from new classes that were not seen during the training

phase, neither as positive nor as negative examples

The three possible types of classification are Known, Unknown, and Background. These
match the three different results explained in table 2.1 , with the exception that the
Background option is referred as Irrelevant in the table?.

Note that a sample is classified as Known if it is accepted by classifiers in both levels,
meaning that it belongs to one of the known (learned) classes (top-left cell of the table).
The Unknown classification indicates a sample that was accepted by the general level
classifier, but rejected by all the specific classifiers, meaning that it is a novel sub-class
of a known general category (top-right cell of the table). Last, Background samples are
those that were rejected by the general level classifier, and thus are not instances of
(any) general category (bottom row of the table)3.

The results in Fig. 3.3 show the desired effects: each set of samples - Known, Un-
known and Background, has the highest rate of correct classification for its own category.

As desired, we also see similar recognition rates (or high acceptance rates) of the

Known and Unknown classes by the general level classifier, indicating that both are

2The different naming is due to conventions in the visual object classification field, where the natural
classification distinguishes objects from background

3In order to add the fourth classification, Unseen, another level must be added to the hierarchy. This
will include a higher level classifier, trained using all seen objects as positive samples and all non-objects
as negative samples, and specific classifiers for each background object. This task was not in the scope
of the current work.
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Figure 3.3: Classification ratios for different sample types. Each plot contains 4 groups
of bars, representing the sample type. From left to right the groups are: Known Classes,
Unknown Class, Background Images, and Unseen Objects. The classification ratios
correspond to the 3 different bars: Known (left), Unknown (middle), and Background
(right). Each row displays a single class that was left out as Unknown. Namely: Cross,
Sport, and Road (from the Motorbikes hierarchy), KL, and KR (from the Faces ierarchy).
The left column shows the results of CurMethod. Results for RefMethod are presented
in the right column for comparison. Details are given in section 3.4

regarded as belonging to the same general level. This fact can be seen by the low per-
centage of classification as Background (rightmost bar in each category). Nevertheless,
for most of the classes (except class KR) we can see a slightly better acceptance ratio for

the Known classes (leftmost group in each plot). This is not surprising if we remember
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that no sample of the Unknown class was used during training of the general classifier.

Finally, samples from the Unseen set are rejected correctly by the general level classi-
fier. Again, it can be noted that the classification ratio of Unseen as Unknown is higher
than the classification of Background as unknown. This can be attributed to the fact
that no Unseen samples were used for training.

Comparing the results to those of RefMethod?*, we can see a few interesting effects.
First, the results are very similar, and the main trends can be seen in both models.
Second, there is an advantage in favour of the discriminative model (RefMethod), for
the classification rates of the Known, Unknown, and Background categories (seen only
for the harder Motorbikes dataset). This emphasises the importance of discriminability,
when training the classifiers. In contrast, there is no difference in the classification of
Unseen objects. This can be easily explained by the fact that these objects were not

seen at training stage, thus there is no advantage for discriminative methods.

3.5 Discriminative Specific Classifiers Improve Perfor-

mance

In this section I tested the importance of using a discriminative approach, by comparing
our approach for building discriminative specific-level classifiers to less discriminative

ones. In all variants of the models, the same general level classifier was used.

CurMethod Since this method uses only positive examples when learning the object
models, these object models remain the same under all the variants. The negative
examples are used only to learn the classification threshold, which distinguishes the
scores of the known from unknown samples.

I have examined 3 variants for choosing the threshold of each object class model, as
described in Section 2.1.1.

1. Exploiting knowledge of sibling relations - the most discriminative variant, where
the threshold is trained to achieve the EER (Equal Error Rate) between the known

class and its siblings. Classification rates for this variant are shown in Fig. 3.3.

4As already mentioned, the comparison methods are not accurate, as the models were not tuned
to produce similar acceptance rates, and they differ in too many parameters. Nevertheless interesting
points arise, which should be examined in future comparative research
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2. No knowledge of siblings relations - a less discriminative variant, where the thresh-
old is trained to achieve the EER between the known class and background images.
The background images are the same set of negative samples used for training the

general level classifier. Classification rates for this approach are shown in Fig. 3.4.

3. Pure Generative - the non discriminative variant using no negative examples, where
the threshold is trained to achieve a predefined acceptance rate of the known
class samples. Here the choice of a threshold is somewhat arbitrary, and different
choices yield very different results for different classes of objects, depending on the
real distribution of the known and unknown classes. Classification rates for this

approach are shown in Fig. 3.4.

From the point of view of novelty detection, this last variant is the classical one-class
classifier [19, 53, 38, 39|, where during training only positive examples of a single class
are given. Nevertheless, when we view the whole scheme as described in Algorithm 2.4
where the pure generative model is used in conjunction with the general level classifier,
this is already a step beyond the traditional approach.

As can be seen in the comparison of Fig. 3.4 and Fig. 3.3, the results for the less-
discriminative variants are usually inferior to the discriminative variants. Moreover
these variants show a much less consistent behaviour, when different classes are left as
unknown, and between different hierarchies. For example, in Fig. 3.4 in the case of
the Faces dataset, we see good results with no knowledge of sibling relations, while the
opposite is true with the exact same settings when applied to the Motorbikes data set.

This inconsistency proves what we expected, namely, that discriminative knowledge
helps. In other words, in order to achieve an optimal threshold for separating one class
from other classes, it is not enough to model the first class’ distribution. The perfor-
mance is highly related to the other classes’ distribution as well. Clearly, for example,
you cannot use the same threshold when separating motorbikes from fruits, as when
separating sport-motorbikes from road-motorbikes. In the first case a high threshold
(say acceptance ratio of 99%) will probably yield good results, while in the second one
a more conservative threshold must be used (otherwise all the road-motorbikes will be
classified as sport-motorbikes).

An important question arises here: even though the discriminative power proved to

be helpful for separating similar classes, will it be advantageous in every level of the
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Figure 3.4: The non-discriminative variants of CurMethod. The left column shows
results with no knowledge of sibling relations (only of background classes), and the
right column shows the pure generative approach as explained in Section 3.5. We show
representative results of the classes that were left out as unknown. From top to bottom:
Cross (Motorbikes), Road (Motorbikes), KA (Faces), and KR (Faces). The meaning of
the bars in every plot is the same as in Fig. 3.3.

hierarchy? Will it outperform the generative approach even in the more abstract levels,
when separating classes that do not share similar shape or appearance, such as vehicles
from fruits and animals? This is an open question that should be addressed in future

researches.

RefMethod For comparison I present the results that were achieved for similar ex-
periments with RefMethod. This method relies on both positive and negative examples
during the training phase (see Section 2.1). The amount of discriminative information

used for building the specific level classifiers, was varied by choosing different sets of
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examples as the negative training set: 1) IvsSiblings - Ezploiting knowledge of sibling
relations, the most discriminative variant, where all train samples of the known sibling
classes are used as the negative set when training each specific known class classifier. 2)
1vsBck - No knowledge of siblings relations, a less discriminative variant, where the neg-
ative set of examples is similar to the one used when training the general level classifier,
thus no information about the hierarchy is used in the model.

Applying these different variants when training with RefMethod, results in entirely
different object models. Thus the known vs. unknown classification results depict dif-
ferent ROC curves, as shown in Fig. 3.5. Specifically, when comparing the 1vsSiblings
to IvsBck curves in Fig. 3.5, it can be seen that for all choices of classes, left out as the
unknown, the corresponding ROC curve of the 7vsSiblings method shows much better
discrimination of known from unknown classes. This demonstrates that discriminative

training with the sibling classes as negative samples significantly enhances performance.

3.6 Novel Class Detector is Specific

To test the validity of our novel class detection algorithm, we need to verify that it does
not mistakenly detect low quality images, or totally unrelated novel classes, as novel
sub-classes. Thus, two types of miss-classifications were examined, as presented in the

following paragraphs.

Unseen Objects First, the algorithm was tested on samples of objects from classes,
which are not related to the general class and had not been shown during the training
phase. These samples are denoted Unseen, for which any classification other than re-
jection by the general level classifier is false. Thus, we expect most of these objects to
be rejected. Moreover we expect the rate of false classification of unrelated classes as
unknown classes to be similar to the rate of false classification as known classes.

The first prediction depends only on the quality of separation of the general level clas-
sifiers. The latter prediction is reasonable when the specific level classifiers are trained
in a discriminative fashion to distinguish between siblings classes, and not between the
known class and everything else (e.g. background or unrelated classes).

As Fig. 3.3 shows, by far most unseen samples are correctly rejected by the gen-
eral level classifier. On the other hand, in both datasets (both with CurMethod and
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Figure 3.5: ROC curves showing True-Unknown classification rate on the Y-axis vs.
False-Unknown Classification rate on the X-axis. The plot is based only on examples
that were accepted by the General level classifier. Results are shown for RefMethod.
1vsSiblings denotes the most discriminative training protocol, where specific class object
models are learned using the known siblings as the negative set. IwvsBck denotes the
less discriminative training protocol, where the set of negative samples is the same as
in the training of the General level classifier. Sloppy-Hierarchy denotes the case where
the hierarchy was built using the procedure described in Section 3.7. Each plot shows
results for a different class left out as the unknown, from left to right and top to bottom
respectively: "Cross-Motorbikes’, ’Sport-Motorbikes’, 'KA’ Face and ’KL’ Face. We only
show two representative cases for each dataset, as the remaining cases look very similar.

RefMethod) there is a tendency to prefer the unknown classification in the cases of
misclassification. In the Faces dataset this is less evident, but there might be too few
misclassification cases to derive a clear conclusion. In the Motorbikes dataset this ten-
dency is clear, and even more evident in CurMethod compared to RefMethod. These
results are consistent with the assumption that RefMethod is more discriminative than

CurMethod in the specific classifiers level, but more experiments have to be carried out
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in order to deduct confident conclusions.

Noisy Images Second, to test the recognition of low quality images, I took images of
objects from known classes and added increasing amounts of Gaussian white noise to
the images. As can be seen in Figure 3.3, almost all the background images are rejected
correctly by the general level classifier, and the addition of noise maintains this level of
rejection. On the other hand the fraction of known objects classified correctly, decreases
as the noise level increases.

In Figure 3.6 I examine the changes in the misclassification of samples from the
known class as the level of noise increases. The goal is to see whether a larger fraction
is misclassified as unknown class or as background.

Specifically, the ratio (FU-FB)/(FU+FB) is shown, where FU denotes false classifi-
cation as unknown class, and FB denotes false classification as background. The higher
this ratio is, the higher the ratio of unknown class misclassification to background mis-
classification is. An increase in the false identification of images as unknown should
correspond to higher values of this ratio.

We would like this ratio to remain fixed, or at least not to grow, what will indicate
that lower quality images do not tend to be classified as unknown (novel) classes. In
fact, in Figure 3.6 the opposite trend can be seen: this expressions decreases with noise.
Thus, at least as it concerns low quality images due to Gaussian noise, our model does
not identify these images as coming from novel classes.

Interestingly, when running the same experiments from [63] with CurMethod, the
levels of noise used for RefMethod were not informative enough. By this I mean that
even with 15% addition of Gaussian noise, there were still very few wrong classifications
of known class images. Nevertheless increasing the levels of noise some more (up to
25%) yielded very similar effects also with CurMethod, as can be seen in Figure 3.6.
The high variance on the Faces results in CurMethod is due to very low number of

wrong classifications, and a lower number of test repetitions compared to RefMethod.

3.7 Sloppy Hierarchical Relation

In order to explore the significance of hierarchy in our proposed scheme, I followed the

same procedure, described in section 2, using a "sloppy" hierarchy. This way I can
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Figure 3.6: This figure shows the effect of adding Gaussian noise on the false clas-
sification rate of samples from known classes. Each bar shows the average over all
experiments of (FU-FB)/(FU+FB), where FU denotes the false classification of known
objects as unknown, and FB denotes the false classification of known objects as back-
ground. Lower values correspond to higher tendency to classify known class samples as
background rather than as unknown class. Results are shown for CurMethod on the
left, and RefMethod on the right. Each group of bars holds the results for a different
class, left out as the unknown. In each group of bars, the different color-bars correspond
to increasing levels of noise, from the left-most bar with no noise to the right-most bar
with the highest amount of noise (25% for CurMethod and 15% for RefMethod).

compare the results with the “strict” hierarchy to results with the “sloppier” hierarchy.
Only one thing was changed: instead of using a group of sub-classes that are strictly
hierarchically related, a random group of sub-classes was collected. All the other steps
remained unchanged. For instance, instead of using ’Sport Motorbikes’ and 'Road Mo-
torbikes’ as the known group, when ’Cross Motorbikes’ is the unknown class, we may
choose ’Owl” and ’Cactus’ as the known group with the same ’Cross Motorbikes’ as the
unknown class (see 3.7 for a visualization of possible object class hierarchies).

The acceptance rate by the general level classifier using the strictly built hierarchy
compared to the sloppy hierarchy is shown in Figure 3.8. Results are shown for samples
belonging to the known classes, unknown-class and background images.

As can be seen in Figure 3.8, the general level classifier which is learned for the sloppy
hierarchy is less strict, in the sense that more background images are falsely accepted

and more known and unknown images are falsely rejected by the general level classifier.
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Figure 3.7: An illustration of strict vs. sloppy hierarchical relations to the different
motorbikes in the hierarchy. Strictly related classes are classes which are connected by a
parent only via full bold lines. Classes which are connected to the motorbike sub-classes
via a dotted line are considered a sloppy hierarchical relation.

Figure 3.5 displays the ROC curves of the correct unknown classification versus false
unknown classification, for samples that were accepted by the general level classifier.
This was done for both strict and sloppy hierarchies using RefMethod. Here we can
see that the distinction between known classes and an unknown class is significantly
improved with the strict hierarchy as compared to the sloppy hierarchy.

These results indicate that a better general level classifier can be trained, when given
access to a strict hierarchy, compared to some sloppier hierarchy. Thus, combining a bet-
ter general level classifier with the specific level classifier, as described in Algorithm 2.4,

clearly improves the identification of unknown classes by the full system.
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Figure 3.8: Acceptance rates of the General level classifier, with Strict and Sloppy
hierarchies. Rates are presented for three categories: Known classes, Unknown class,
and Background images. Two classifiers are compared, the first using a Strict Hierarchy
and the second using a Sloppier Hierarchy. Six bars show, from left to right respectively:
Strict Hierarchy - Known classes ("Known’), Sloppy Hierarchy - Known classes (’SL-
Known’), Strict Hierarchy - Unknown class ("Unknown’), Sloppy Hierarchy - Unknown
class ("SL-Unknown’), Strict Hierarchy - Background ('Background’), Sloppy Hierarchy
- background (’SL-Background’). Results are shown for the cases where the Cross-
Motorbikes, Sport-Motorbikes or Road-Motorbikes are left as the unknown class, from
left to right respectively. The left column displays results for CurMethod, while the
right column shows the output of RefMethod
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Chapter 4

Summary

4.1 Overview

In this work I addressed the problem of novel object class recognition: how can we
tell that a new input image contains an instance of a class we have never seen before?
Previous approaches usually identify a novel class simply by having it rejected by all
known classifiers, or by using prior information about the distribution of the novel classes.

Unfortunately, the second approach cannot be taken in many real-world scenarios,
due to lack of knowledge about the distribution of the novel classes. While the first
approach can be always used, it has two major drawbacks: it might be computationally
expensive, as the number of known classes can grow to hundreds, thousands, and even
more; it lacks the ability to distinguish between a novel interesting object class and
clutter images, or uninteresting objects.

In the presented approach we exploit the hierarchical organization of objects and
in particular existing hierarchical relations among the known classes, and propose a
hierarchical discriminative algorithm, which detects novelty based on the disagreement
between two levels of classifiers: some general level classifier accepts the new image,
while all specific classifiers, belonging to the same sub-hierarchy, reject it.

I have analysed the properties of the proposed algorithm, showing the following

results:

1. Basic efficiency of the algorithm was shown using a new implementation, which

was tested on two different datasets.
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2. Adding discriminative quality to the specific level classifiers, by exploiting the

hierarchy, improves the performance.

3. The algorithm correctly detects relevant novel classes, and is not easily fooled by

low quality images, or unrelated objects.
4. Using a strict hierarchy improves the results of the detector.

5. The generality of the new approach was demonstrated by implementing two very
different object models as the baseline modules of the algorithm. As expected, the

current results were similar to the previous implementation by Zweig [63].

4.2 Generative vs. Discriminative Implementation

As already mentioned throughout this work, comparing the two different methods is
very problematic, nevertheless we can learn some interesting aspects of our approach
from this comparison, and get some useful future thoughts. It was shown that the
two object models use different training samples, different basic features, a different
number of features, and different classification techniques. All these features influence
the performance, and contribute to the variations of the results between the two models.

We shall list some of the important features seen in the results:

1. The basic results (see section 3.4) show an advantage to RefMethod over CurMethod
in almost all categories. This is true even when the general level classifiers show
comparable performance. The reason for that can be the fact that RefMethod
takes advantage of the hierarchy in a better way, by incorporating the discrimina-
tive features of the specific level classes in the object models. CurMethod, on the
other hand, uses this knowledge only when setting the classification threshold. A
support to this claim is the fact that no such advantage was seen for the Unseen

category.

2. When testing the influences of different levels of "discriminativity" (see 3.5), we
can not fairly compare RefMethod and CurMethod, since they have different out-
puts. RefMethod introduces different models, thus displays different ROC curves.
RefMethod has a single model and differs only in the classification threshold -
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different points on the same ROC curve. I will address this problem, and a few

possible solutions in the last section.

3. In the noise results (see 3.6) we can see similar tendencies, although CurMethod is
much less sensitive to noise. This is probably thanks to the usage of many simple
low level features in a statistical fashion in CurMethod, while RefMethod uses a

few very distinctive features (thus more sensitive to modifications, such as noise).

As we said, this comparison is far from being sufficient, but it can give us some food for

thoughts about future research.

4.3 Future Research

This work presents a new topic in the research of hierarchical object recognition in
general, and specifically of novelty detection. This topic is the investigation of the
advantages and limitations of discriminative and generative properties. The first task is
to build a framework, in which we have control over the discriminative and generative
levels. In other words, a single implementation, where we can set different levels of
discriminative power, while keeping everything else fixed.

A few possible solutions, using the CurMethod implementation are: using discrimina-
tive codebooks as the basis of the generative model; or using a discriminative separator
over the generative representation of the model.

Once we have such a framework we can confront some new questions: Is the discrim-
inative property useful at any level in the classes hierarchy, or maybe only at certain
levels? How can we tell which is the best type of classifier for a certain level in the hier-
archy? How strict should the hierarchy be in order to gain top performance? Obviously
not too large and not too small, but how should it be chosen? How should we build the
hierarchy that will produce the best classification results? All these and more are all

interesting topics for future research in this field.
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