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Abstract

Machine learning algorithms have shown their abilities to tackle difficult recognition problems,
but they are still rife with challenges. Among these challenges is how to deal with problems where
new categories constantly occur, and the datasets can dynamically grow. Most contemporary
learning algorithms developed to this point are governed by the assumptions that all testing data
classes must be the same as training data classes, often with equal distribution. Under these
assumptions, machine-learning algorithms can perform very well, using their ability to handle
large feature spaces and classify outliers. The systems under these assumptions are called Closed
Set Recognition systems (CSR). However, these assumptions cannot reflect practical applications
in which out-of-set data may be encountered. This adversely affects the recognition prediction
performances. When samples from a new class occur, they will be classified as one of the known
classes. Even if this sample is far from any of the training samples, the algorithm may classify it
with a high probability, that is, the algorithm will not only be wrong, but it may also be very
confident in its results. A more practical problem is Open Set Recognition (OSR), where samples
of classes not seen during training may show up at testing time. Inherently, there is a problem how
the system can identify the novel sound classes and how the system can update its models with
new classes. This thesis highlights the problems of multi-class recognition for OSR of sounds as
well as incremental model adaptation and proposes solutions towards addressing these problems.
The proposed solutions are validated through extensive experiments and are shown to provide

improved performance over a wide range of openness values for sound classification scenarios.
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Chapter 1: Introduction
1.1. Background

Audio signals carry vast information about individual physical events and their surrounding
environment. Researchers in both academic and industrial fields have proposed several machine-
learning methods to recognize this information. However, traditional audio recognition methods
usually have a limited scope. They only include a database of a few sound classes. Intuitively, they
classify sounds among a set of known classes, where both training and testing sets include the
same categories from the database. These traditional methods are called Closed Set Recognition
(CSR), where they assign the input data in features domain into one or more predefined classes.
In the case of real-world recognition problems, a prospective algorithm can be trained with a few
classes in a much larger space that has numerous classes. The algorithm must address unseen data
and continuously update with additional categories. We emphasize below some challenges of real-
world recognition that are considered the most serious obstacles facing the researchers. Some of
them are not yet solved, and others may remain a problematic concern to be considered separately
in each application.

o Representation and numerical description of the audio events. Even though several
researchers have investigated the audio features representation, this problem is still
application-dependent. In this thesis, we investigated most of the features commonly
used in audio recognition. We selected the features that are more effective and can
somehow separate database categories.

o Open set. The Open Set Recognition (OSR) problem assumes that not every class in
testing time occurs in training time. The definition of the Open set concept has been
introduced by [1]. Using the same definition, we modified a Support Vector Machine
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(SVM) classifier to solve open-set audio domain problems by applying the peak-side-
ratio (PSR) distribution on the posterior probabilities of the SVM, as described in
Chapter 5. We expect that our solution for OSR can improve the event detection
employed in surveillance or smart home applications.

Incremental Learning. In this type of learning, a recognition model is continuously
updated when new types of data arrive. Some researchers have used unsupervised
learning [2], where data is delivered without the availability of class labels for training.
Others have used semi-supervised learning [3]. The third group of researchers studied
supervised learning [4] [5] [6] when data arrived with class labels for training. In this
work, we have chosen supervised learning for our approach.

Active learning. This process deals with the labeling of detected unknown samples.
Researchers in the literature have tried to investigate how to label detected unknown
samples, e.g. [7] used privileged information to re-identify images. This problem is
not within the scope of this thesis. We assume that detected unknown samples are
labeled by a user, human annotator, or “Oracle”.

Evaluation. This is how to measure the performance of the recognition system. It
remains a challenge in terms of OSR and incremental learning. Even though the thesis
does not aim for a significant contribution in this area, we investigate different
evaluation statistics from the fields of audio recognition, image/face classification,
speakers/speech identification, bioinformatics, and internet securities. We follow the
state-of-art methods to measure the performance of our methods in the context of our

target sound recognition application.



1.2. Thesis Aims

This research aims to develop novel approaches to solve the audio recognition problem when the
audio data are obtained from classes existing during test time and not necessarily present at training
time. Machine-learning algorithms must satisfy certain requirements to tackle such problems. We

emphasize three requirements related to audio recognition which we aim to address:

1) The features extraction process needs to retain useful information about the audio sounds.
2) The classification systems should be capable of operating in an open set scenario.
3) Incremental learning should be allowed for the database to grow and for the model to be

updated with new categories.

In this thesis, we are interested in addressing solutions to the mentioned problems. The
fundamental problem when applying any system using probability is how to create a reliable
probability model without overfitting. As a result, this research focuses on determining the
classifier’s performance under realistic conditions and figuring out how to improve recognition
accuracy. In our attempt to help build a smart system for detecting and recognizing events in audio-
based surveillance, we studied events that can occur in everyday life. Translating these events to a
numerical meaning requires a good feature extractor, and we present different audio features in
Chapter 4. From the three requirements of the previous paragraph, we investigated traditional
pattern recognition techniques that can work in audio recognition applications, testing their
capability for learning models of new sounds. Chapters 5, 6, and 7 describe our research

contributions to propose solutions to the three requirements.



1.3. Research Contributions

The major contributions of this thesis are a consequence of the modeling approaches which are
related to the three requirements for the task of audio classification specified in the previous

section:

1. Wereviewed the past and current efforts made for audio recognition. This multidisciplinary
study presents the up-to-date literature related to audio classification and signal processing
methods for commonly used machine learning algorithms and feature extraction
techniques.

2.  We formalized the problem of OSR where not all audio categories are known priors, and
developed an algorithm for multi-classes recognition, with a rejection option for classes
that are novel to the system. We utilized the probabilistic calibration of an SVM classifier
and modified it under the OSR scenario. We proposed the use of the peak side ratio (PSR),
a distribution technique to find thresholds. We used well-known metrics in our analysis to
evaluate the proposed algorithm on different variations of open sets.

3.  We addressed the issue of incremental learning, where the system is continuously updated
with additional audio categories. We developed tools and techniques with a specific focus
on audio recognition. We developed an algorithm for updating SVM models to improve
the recognition performance of audio classification tasks. We combined the open-set
framework with incremental learning procedure, so this allows new unknown classes to be
recognized and tolerates the models learning constantly without the need for retraining the
whole system.

4. We utilized the extreme value machine (EVM), which has successfully been used in recent

recognition methods. The EVM distribution estimates the kernel distribution for each
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positive training. It separates hyperplanes between positive training samples and the closest
negative samples. We used the EVM distribution with the SVM classifier to perform an

algorithm applied to the audio recognition task in open set scenario.
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1.5. Thesis Organization

The organization of the thesis is as shown in Figure 1.1 where the summary of each chapter is

described.



Figure 1.1 Structure of the Ph.D. thesis. Green chapters refer to the thesis contributions. Yellow chapters refer to

the conceptual background

Chapter 1: Introduction
This chapter discusses the motivation, significance, problem formulation, and novelties of the

proposed research.



Chapter 2: Literature Review

This chapter will outline the past and current study of audio recognition, and describe the most
common features used for audio domain pattern recognition. This chapter will also carefully
describe existing current audio recognition systems based on SVM or EVM.

Chapter 3: Background

This chapter provides background materials for audio recognition. It also discusses the learning
assumptions used in literature. The evaluation metrics are explained, with their usage.

Chapter 4: Audio Analysis

This chapter shows the procedures for audio analysis, applied to the audio material before it is
used by the recognition systems. These procedures include voice activity detection (VAD) and
audio normalization. Further description of audio features tools is also provided.

Chapter 5: PSR-SVM for Open Set Audio Recognition

We present a proposed method to solve the OSR problem, where the training sets consist of a few
known classes. We introduce the Peak-Side Ratio Support Vector Machine (PSR-SVM) classifier
that can recognize the predefined classes and identify the novel classes.

Chapter 6: Multi-class Incremental Learning (MCIL)

We address the problem where there are new classes to be added to the system. We propose two
methods that can incrementally update their modules as an extension of the multi-class recognition.
The first method uses the PSR_SVM for OSR. The new class features are saved for incremental
learning. The new models for saved classes are built according to the SVM procedure, where the
new data are considered positive, and the rest of all training classes are considered negative. The
second method is similar to the first one, but it uses only the nearest neighbor classes to build the

new model.



Chapter 7: Extreme Value Machine in Open-set Audio Recognition

We present a new algorithm that combines a supervised learning algorithm for multi-class
classification and extreme value distributions to handle new instances of known classes. The
design of this algorithm is using extrema from known negative class distributions that lie near the
positive sample distributions.

Chapter 8: Conclusion and Future Work

We conclude this thesis by presenting a conclusion of our approaches and contributions.



Chapter 2: Literature Review

This chapter reviews methods reported in the literature for audio recognition applications. Audio
recognition involves the computation of various statistics to accomplish the best possible
performance. The chapter is divided into three subsections. The features extraction process is
investigated in the field of audio recognition. Support Vector Machine (SVM) algorithms that have
proven to be very efficient in machine learning fields are described in the second subsection.
Extreme Value Machine techniques are studied in terms of open set recognition in the third

subsection.

2.1. Audio Features Extractions

Recognition of the received sounds is to be achieved using suitable machine learning algorithms.
The first step of these algorithms is feature extraction processing. Features are distinguishing
patterns extracted from a sound signal and extracting the most appropriate features improves the
machine learning algorithm performance. Ideally, the features should have three aspects:

(1) They should emphasize the differences between the classes.

(2) The features’ dimension should be adequate. If the features’ dimension is too high, this will
cause classifier confusion; whereas, a dimension too low does not provide enough information;

(3) Features should not have a high correlation with each other.
2.1.1. Mel-Frequency Features

Mel-Frequency features have proven to be particularly pertinent in the speech processing domain
because of their proximity to the glottal excitation and the vocal tract [8]. These properties make
them also suitable for general audio discrimination, as they capture key assets used in human
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hearing. The Mel-frequency cepstral coefficients (MFCCs) features are obtained from the power
spectrum, which is rescaled according to the Mel-frequency scaling. The resulting spectrum bins
are framed into several critical bands that typically consist of overlapping triangular filter banks.
In the last step, a discrete cosine transform (DCT) is applied to the triangular filter bank output

magnitudes to obtain vectors of MFCC features.

In addition to being widely used in speech recognition research, the MFCCs are used in some non-
speech research as well; for example, the music system developed by Pye [9] used MFCC features
to classify audio signals compressed in MP3 format (MPEG audio Layer-3). Sharan and Moir [10]
and Foggia et al. [11] published more general audio studies and concluded from their study that
cepstral features outperform their comparative features. Heittola et al. [12] proposed a sound event
detection system using MFCC features coefficients. They studied the benefits of using context-
dependent information in audio events detection. Chu et al. [13] analyzed and recognized
environmental sounds using MFCC features. They used a matching pursuit algorithm to extract

time-frequency domain features to supplement the MFCC when needed.

2.1.2. Other Features

Besides MFCCs coefficients, different features have been used for audio classification. Mitrovic
et al. [14] provided a survey of audio features used for other purposes (e.g. audio retrieval) as well
as the challenges in features design. A collection of conventional features is described in the
survey, bringing features from different domains together. Peeters [15] summarizes a collection of
audio features and organizes the features between global and frame-based descriptions. In [16],
the authors described a broad survey of features for multimedia retrieval that extracted both audio

features and video features together from a group of TV programs. To demonstrate redundancy,

10



they focused on the link between these features. Other features have been reported, including but
not limited to indexing-based features [17], MPEG-7 audio features [18], and bag-of-audio-words
features [19]. Also, features based on the Discrete Hartley Transform [20] have been shown to be

useful for audio scene classification applications.

2.2. Support Vector Machine

Support Vector Machines (SVMs) are tools built to classify data. They have the ability to handle
large amounts of data quickly and effectively. The SVM has solid theoretical foundations for linear
and non-linear machine learning algorithms. Huang et al. [21] examined the SVM’s suitability for
regression and classification. They outlined the main difference between SVM and other
classification methods and explained how SVM algorithms achieve their advantage over different
algorithms. The statistical learning theory of SVM was introduced by Vapnik [22]. The SVM can
compute a hyperplane and minimize the empirical risk as well as the structure of risk minimization
principles. The SVM was originally designed as a binary classifier, but it has been used most of
the time for multi-class learning by considering the problem as a set of binary classification

problems (one-vs-all approach) with the assistance of a kernel function (see Appendix A).

In general, SVM depends on three concepts to find a hyperplane for a certain class.

e Kernel functions to map the data to a high dimensional space and simplify the recognition
problems, so the SVM can separate the classes.
e Support vectors that are located near the decision surface. They are very important to model

classifiers in the training stage.
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e Optimal Separating Hyperplane (OSH) that divides the data with the largest margin. The

resulting maximum margin classifier will have good generalization properties.

The following subsections present the previous work using SVM for the application of audio

recognition, in addition to the state-of-art techniques used to tackle open set recognition.

2.2.1. Audio Recognition with SVM

The literature for audio recognition has grown significantly in recent years. The published
researches differ mainly in the extracted set of features used to present the audio signals and the
applied classification algorithms to distinguish these signals from each other. We will present some

of the research results that have used the SVM as a main classifier in their findings.

Lopatika et al. [23] employed an SVM algorithm to distinguish between different types of
dangerous circumstances. They used a set of different audio features to classify and localize four
classes. Likewise, Hilal et al. [24] used SVM and linear discriminate analysis (LDA) classifiers
to identify and localize a set of environmental sound events. Huang et al. [25] used SVM for audio
events classification. They utilized different features selections to recognize seven events, i.e.,
screaming, crying, speech (male), speech (female), laughing, knocking, and explosion. Mahana
and Singh [26] presented a comparison among the audio classification algorithms. They found that
SVM with a radial basis function kernel had a good performance while requiring less training data
to achieve an outcome compared to other machine learning (ML) algorithms. In the same way, the
problem of road surveillance was considered in [11], where two hazardous situations, car crashes

and tire skidding, were detected.
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2.2.2. Open Set SVM Recognition

In real-life recognition problems, there are various classes received in the testing stage that have
not been seen in the training/modeling stage. Therefore, we need to consider an open set scenario
where an algorithm is capable to reject unknown classes and correctly classify all known classes.
The open sets recognition problems received more attention when Scheirer et al. [25] defined the
issue of open set image recognition. They introduced two terms; minimizing the positively labeled
open space (PLOS) and the known labeled open space (KLOS). These terms defined an open
space as a features space region that lies outside the support of the training trials. Researchers have
utilized this idea and modified SVM classifiers to tackle the OSR problems. Junior et al. [27]
proposed a Specialized Support Vector Machine (SSVM). The algorithm moves the hyperplanes
in directions to balance between open-space risk and empirical risk. Similarly, Battaglino et al.
[28] provided algorithms for audio scene classification in an open set. They used support vector
data description (SVDD). Instead of the hypersphere, they used the minimum radius around the

most positive training points.

One of the SVM designs [29] proposed a technique that reduces the number of support vectors
without negotiating the classification performance. It requires only a subset of the support vectors
when the Lagrange multiplier is greater than a certain threshold . Their finding provided a

reduction in the support vectors number but it caused a small performance drops.

Scheirer et al. [30] introduced a Weibull-calibrated SVM (W-SVM) classifier, which uses two
separate SVMs. The first is a calibrated one-class SVM fitted by the Weibull cumulative
distribution function. The second SVM is fit via dual-calibrated, in-class training data and a reverse

Weibull fit. For multi-class classification, they used a 1-vs-all framework. Jain et al. [31] modified
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the Weibull-calibrated SVM classifier by introducing a Compact Abating Probability (CAP)
model. It reduces the probability of a faraway test sample that can be misclassified as one of the
predefined classes. They showed that the open space risk reduction is a balancing act between
computing capabilities and support vector estimations. Cruz et al. [37] presented an open set
intrusion recognition for recognizing malware samples. Scherreik and Riglin [32] modified the
SVM and named it (POS-SVM) classifier. They used it for automatic target recognition systems
of radar image classification. Similarly, Roos and Shaw [33] used open-set probability SVM and
Eigen-template features for OSR on the field of radar images, thus, they formulated an automatic

target recognition problem.

2.2.3. Incremental Learning via SVM

The concept of incremental learning differs from place to place in the literature review. Some
researchers use the term incremental learning for systems that can correct themselves for better
recognition. For SVM classifiers, Crammer et al.[34] published a discriminative large-margin
algorithm that is based on online incremental learning algorithms that are capable of categorizing
binary and multi-class data. Likewise, Xu et al [35] presented an incremental learning algorithm
based on SVM. The paper performed a comparative analysis between randomly independent
sampling and Markov resampling in incremental learning. These two methods and others proposed
solutions for adaptive systems, when a classifier makes a prediction it receives feedback indicating

whether it has a correct outcome or not.

However, our work is conducted to use the term incremental learning to describe multi-class
incremental learning, i.e., an OSR with the ability to update the model as new data arrive. Liu et

al. [36] and Rebufti et al. [37] defined multi-class incremental learning as a process of teaching a
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system new concepts while keeping old ones in the storage. The challenge of implementing this
type of recognition is that we do not know prior knowledge about all the classes which may occur.
The trivial solution is to train the model every time we add a new class, but we will face two
obstacles if we solve it in this way: (1) it requires computational complexity, (2) we cannot re-
train all models. In our chosen paradigm, we train only the new class data to build the new model.
We propose two methods for this task. The first method utilizes the PSR-SVM classifier to apply
OSR. It uses the new data as positive samples and all the previous classes data as negative samples,
to build the new model. The second method does not use all the previous classes data as negative
samples. It applies the distillation of the classes using a k-Nearest Neighbors (k-NN) classifier.
Our work is also different from clustering [38] [39], where the authors used a hierarchical
clustering algorithm to cluster the novel class samples. This way, they transfer the classification

knowledge from supervised learning to unsupervised learning.

2.3. Extreme Value Machine

The Extreme Value Machine (EVM) was introduced in [33]. The model results from extreme value
theory. The EVM applies the marginal distributions on the extreme value points. Margin
distributions have been defined in different ways [40] [41], but they all agree in terms of
maximizing the mean or median margin. In the literature, EVM has performed as a good nonlinear
kernel-free classifier despite its limitations as reported in [42]. It has been used especially in
computer vision and visual recognition [43]. The extreme value theory (EVT) focuses on the
random variable behavior of the tails. The classifier fits an EVM distribution on a point to point

basis from other classes over multiple fractional radial distances.
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We assume that the margin distance of a point x, to be half of the minimum distance between x;

and all the points belonging to another class in the training data set [42]. Then the margin distance
of x, will be,

Mj.") = min Dist;.”) (2.1)

JYi#yi

Where j € Nk the number of classes in the training set. The EVT is applied to find the upper tail
of the distribution M ;“ . To end this, the Fisher—Tippett—Gnedenko theorem (see Appendix B.3)
is used to fit the distribution to estimate the largest observed Dist\” for each point x,. We use this
estimate to label a new point x, as known if it is above the threshold & . The threshold is chosen

by a heuristic formula as in [44]. In the testing stage, an instant sample x, must be labeled as

known or unknown, so the classifier needs to confirm if it comes from the training data distribution

or not.

In this research, we will use EVM to support SVM classifiers to estimate a threshold for detecting
new classes, which is the crucial process for open set recognition. In the literature, the threshold
estimation has been studied in [45], who proposed a method to estimate a threshold using an
adaptive method and extreme value distributions. They computed thresholds and removed the
outlier samples to achieve better performance. Moreover, a combined algorithm of EVT and a
Kalman filter has been published in [46] to detect new observations based on estimation. However,
the EVM is essentially reliant on the geometry given by known classes. As a result, it may be

unable to discriminate between known and unknown classes when this geometry provides false
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information about unknown classes [42]. To solve this proble