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Introduction

Audio is an integral and ubiquitous aspect of our daily lives; we intentionally pro-
duce sound (e.g. when communicating through speech or playing an instrument),
we actively listen (e.g. to music or podcasts), can focus on a specific sound source
in a mixture of sources, and we (even unconsciously) suppress sound sources
internally (e.g. traffic noise). Similar to humans, algorithms can also generate,
analyze, and process audio. This book focuses on the algorithmic analysis of audio
signals, more specifically the extraction of information from musical audio signals.

Audio signals contain a wealth of information: by simply listening to an audio
signal, humans are able to infer a variety of content information. A speech signal,
for example obviously transports the textual information, but it also might reveal
information about the speaker (gender, age, accent, mood, etc.), the recording
environment (e.g., indoors vs. outdoors), and much more. A music signal might
allow us to derive melodic and harmonic characteristics, understand the musical
structure, identify the instruments playing, perceive the projected emotion, cate-
gorize the music genre, and assess characteristics of the performance as well as
the proficiency of the performers. An audio signal can contain and transport a
wide variety of content beyond these simple examples. This content information
is sometimes referred to as metadata: data about (audio) data.

The field of Audio Content Analysis (ACA) aims at designing and applying algo-
rithms for the automatic extraction of content information from the raw (digital)
audio signal. This enables content-driven and content-adaptive services which
describe, categorize, sort, retrieve, segment, process, and visualize the signal and
its content.

The wide range of possible audio sources and the multi-faceted nature of audio
signals results in variety of distinct ACA problems, leading to various areas of
research, including

o speech analysis, covering topics such as automatic speech recognition [1, 2] or
recognizing emotion in speech |3, 4],
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e urban sound analysis with applications in noise pollution monitoring [5] and
audio surveillance, i.e. the detection of dangerous events [6],

o industrial sound analysis such as monitoring the state of mechanical devices like
engines [7] or monitoring the health of livestock [8], and, last but not least,

e musical audio analysis, targeting the understanding and extraction of musical
parameters and properties from the audio signal [9].

This book focuses on the analysis of musical audio signals and the extraction of
musical content from audio. There are many similarities and parallels to the areas
above, but there exist also many differences that distinguish musical audio from
other signals beyond simple technical properties such as audio bandwidth. Like an
urban sound signal, music is a polytimbral mixture of multiple sound sources, but
unlike urban sound, its sound sources are clearly related (e.g., melodically, har-
monically, or rhythmically). Like a speech signal, a music signal is a sequence in
a language with rules and constraints, but unlike speech, the musical language is
abstract and has no singular meaning. Like an industrial audio signal, music has
both tonal and noise-like components which may repeat themselves, but unlike
the industrial signal, it conveys a (musical) form based on hierarchical group-
ing of elements not only through repetition but also through precise variation of
rhythmic, dynamic, tonal, and timbral elements.

As we will see throughout the chapters, the design of systems for the analysis
of musical audio often requires knowledge and understanding from multiple
disciplines. While this text approaches the topic mostly from an engineering and
Digital Signal Processing (DSP) perspective, the proper formulation of research
questions and task definitions often require methods or at least synthesis of
knowledge from fields as diverse as music theory, music perception, and psy-
choacoustics. Researchers working on ACA thus come from various backgrounds
such as computer science, engineering, psychology, and musicology.

The diversity in musical audio analysis is also exemplified by the wide variety
of terms referring to it. Overall, musical ACA is situated in the broader area of
Music Information Retrieval (MIR). MIR is a broader field that covers not only the
analysis of musical audio but also symbolic (nonaudio) music formats such as
musical scores and files or signals compliant to the so-called Musical Instrument
Digital Interface (MIDI) protocol [10]. MIR also covers the analysis and retrieval
of information that is music-related but cannot be (easily) extracted from the
audio signal such as the artist names, user ratings, performance instructions
in the score, or bibliographical information such as publisher, publishing date,
the work’s title. Other areas of research, such as music source separation and
automatic music generation are often also considered to belong within MIR.
Various overview articles clarify how the understanding of the field of MIR
has evolved over time [11-16]. Other, related terms are also in use. Audio event
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detection, nowadays often related to urban sound analysis, is sometimes described
as computational analysis of sound scenes [17]. The analysis of sound scenes
from a perceptual point of view has been described as Computational Auditory
Scene Analysis (CASA) [18]. In the past, other terms have been used more or less
synonymously to the term “audio content” analysis. Examples of such synonyms
are machine listening and computer audition. Finally, there is the term music
informatics, which encompasses essentially any aspect of algorithmic analysis,
synthesis, and processing of music (although in some circles, its meaning is
restricted to describe the creation of musical artifacts with software).

1.1 A Short History of Audio Content Analysis

Historically, the first systems analyzing the content of audio signals appeared
shortly after technology provided the means of storing and reproducing recordings
on media in the twentieth century. One early example is Seashore’s Tonoscope,
which enabled the pitch analysis of an audio signal by visualizing the fundamen-
tal frequency of the incoming audio signal on a rotating drum [19]. However,
the more recent evolution of digital storage media, DSP methods, and machine
learning during the last decades, along with the growing amount of digital
audio data available through downloads and streaming services, has significantly
increased both the need and the possibilities of automatic systems for analyzing
audio content, resulting in a lively and growing research field.

Early systems for audio analysis were frequently so-called “expert systems”
[20], designed by experts who implement their task-specific knowledge into a
set of rules. Such systems can be very successful if there is a clear and simple
relation between the knowledge and the implemented algorithms. A good
example for such systems are some of the pitch-tracking approaches introduced
in Section 7.3: as the goal is the detection of periodicity in the signal in a specific
range, an approach such as the Autocorrelation Function (ACF), combined with
multiple assumptions and constraints, can be used to estimate this periodicity
and thus the fundamental frequency.

Later, data-driven systems became increasingly popular and traditional machine
learning approaches started to show superior performance on many tasks. These
systems extract so-called features from the audio to achieve a task-dependent rep-
resentation of the signal. Then, training data are used to build a model of the fea-
ture space and how it maps to the inferred outcome. The role of the expert becomes
less influential in the design of these systems, as they are restricted to selecting or
designing a fitting set of features, curating a representative set of data, and choos-
ing and parametrizing the machine learning approach. One prototypical example
for these approaches is musical genre classification as introduced in Section 12.2.
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Modern machine learning approaches include trainable feature extraction
approaches (also referred to as feature learning, see Section 3.6) as they are
a part of deep neural networks. These approaches have consistently shown
superior performance for nearly all ACA tasks. The researcher seldom imparts
much domain knowledge beyond choosing input representation, data, and
system architecture of these systems. An example of such an end-to-end system
could be a music genre classification system based on a neural network with a
convolutional architecture with a Mel Spectrogram input.

It should be pointed out that while modern systems tend to have superior
performance, they also tend to be less interpretable and explainable than tradi-
tional systems. For example, deducing the reason for a false classification result
in a network-based system can be difficult, while the reason is usually easily
identifiable in a rule-based system.

1.2 Applications and Use Cases

The content extracted from music signals improves or enables various forms of
content-based and content-adaptive services, which allow to sort, categorize, find,
segment, process, and visualize the audio signal based on its content.

1.2.1 Music Browsing and Music Discovery

One of the most intuitive applications is the content-based search for music in
large databases for which consistent manual annotation by humans is often infea-
sible. This allows, for example, Disk Jockeys (DJs) to retrieve songs in a specific
tempo or key, to find music pieces in a specific genre or mood, or to search for spe-
cific musical characteristics by example. The same information can be used in end
consumer applications such as audio-based music recommendation and playlist
generation systems using an in-depth understanding of the musical content [21].

The content-based annotation and representation of the audio signal can also
be used to design new interfaces to access data. Fingerprinting (see Chapter 11),
for example allows to identify a song currently played from a large database of
songs, while Query-by-Humming systems identify songs through a user-hummed
melody. Content can also be utilized for new ways of sound visualization and user
interaction; a database of music could, for example be explored by a user navigat-
ing a virtual music similarity space [22].

1.2.2 Music Consumption

Audio analysis has already started to transform consumer-facing industries
such as streaming services as mentioned above. So far, most services focus on
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recommending music to be played back, but in the near future, we might see the
rise of creative music listening applications that enable the listener to interact
with the content itself instead of being restricted to only choosing content to
be played. This could include, for example, the gain adjustment for individual
voices, replacing instruments or vocalists, or interactively changing the musical
arrangement or even stylistic properties of the music piece.

1.2.3 Music Production

Knowledge of the audio content can improve music production tools in various
dimensions. On the one hand, content information can enable a more “musical”
software interface, e.g. by displaying score-like information synchronized with
the audio data, and thus enabling an intuitive approach to editing the audio
data. On the other hand, production software usage could be enhanced in terms
of productivity and efficiency: the better a system understands the details and
properties of incoming audio streams or files, the better it can adapt, for instance,
by applying default gain and equalization parameters [23] or by suggesting
compatible audio from a sound library. Intelligent music software might also
support editors by offering automatic artifact-free splicing of multiple recordings
from one session or selecting error-free recordings from a set of recordings.

Modern tools also enhance the creative possibilities in the production process.
For example, creating harmonically meaningful background choirs by analyzing
the lead vocals and the harmony track is already technically feasible and commer-
cially available today. Knowing and isolating sound sources in a recording could
enable new ways of modifying or morphing different sounds for the creation of
new soundscapes, effects, and auditory scenes.

1.2.4 Music Education

The potential of utilizing technology to assist music (instrument) education has
been recognized as early as the 1930s, when Seashore pointed out the educational
value of scientific observation of music performances [24]. The availability of
automatic and fast audio analysis can support the creation of artificially intelligent
music tutoring software, which aims at supplementing teachers by providing stu-
dents with insights and interactive feedback by analyzing and assessing the audio
of practice sessions. An interactive music tutor with in-depth understanding of
the musical score and performance content can highlight problematic parts of
the students’ performance, provide a concise yet easily understandable analysis,
give objective and specific feedback on how to improve, and individualize the
curriculum depending on the students’ mistakes and general progress. At the
same time, music tutoring software can provide an accessible, objective, and
reproducible analysis.
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1.2.5 Generative Music

Machine-interpretable content information can also feed generative algorithms.
The automatic composition and rendition of music is emerging as a challeng-
ing yet popular research direction [25], gaining interest from both research
institutions and industry. While bigger questions concerning capabilities and
restrictions of computational creativity as well as aesthetic evaluation of algorith-
mically generated music remain largely unanswered, practical applications such
as generating background music for user videos and commercial advertisements
are currently in the focus of many researchers. The interactive and adaptive
generation of sound tracks for video games as well as individualized generation
of license-free music content for streaming is additional long-term goals of
considerable commercial interest.
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