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Abstract

Snoring is a relevant social problem which can have a negative effect on the qual-
ity of life of the snorer’s bed partner and it can be a cause for social disturbance.
Snoring is multifactorial and can be generated in different locations in the upper
airways. A targeted snoring treatment requires knowledge of its excitation loca-
tions and contributing anatomical structures. Existing diagnostic methods are
expensive, time consuming and not tolerated by every patient. Acoustic methods
to distinguish different snoring types can help to make the diagnosis more con-
venient and acceptable for the patient. An objective definition of snoring based
on acoustic parameters does not exist until today. This thesis shows for the first
time that snoring and loud breathing can be distinguished by acoustic features
that are independent of the absolute sound pressure of the snoring or breathing
event. Furthermore, a novel database of snoring events is described that have
been annotated according to their sound excitation location based on an objective
and independently verifiable ground truth. Based on this corpus, machine learn-
ing strategies have been applied to distinguish snoring sounds according to their
source of excitation and the results are analysed and discussed. Derived from the
VOTE classification, a popular anatomical scheme used in the diagnosis of sleep
related breathing disorders, two simplified classification schemes are presented and
compared with respect to their performance using machine learning strategies, and
the results are discussed in view of their diagnostic usefulness. In summary, this
work contributes to the development of clinical methods to improve snoring diag-
nosis which are cost effective, easily to apply, do not disturb natural sleep and can
be used in the home environment and are therefore well tolerated by patients.
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Zusammenfassung

Schnarchen ist ein relevantes gesellschaftliches Problem. Es kann sich negativ auf
die Lebensqualität des Bettpartners auswirken und eine Ursache für Beziehungs-
probleme sein. Schnarchen ist multifaktoriell und kann an unterschiedlichen Orten
in den oberen Atemwegen entstehen. Für eine gezielte Behandlung des Schnar-
chens ist es erforderlich, die Entstehungsorte des Schnarchens und die beteiligten
anatomischen Strukturen zu identifizieren. Bestehende Diagnosemethoden sind
teuer, zeitaufwendig und werden nicht von allen Patienten toleriert. Akustische
Methoden zur Unterscheidung verschiedener Schnarcharten können dazu beitra-
gen, die Diagnose für den Patienten angenehmer zu gestalten und ihre Akzeptanz
zu erhöhen. Bis heute existiert keine objektive Definition des Schnarchens an-
hand akustischer Parameter. Diese Arbeit zeigt erstmals, dass Schnarchen und
lautes Atmen durch akustische Deskriptoren unterschieden werden können, die
unabhängig vom absoluten Schalldruck des Schnarch- oder Atemereignisses sind.
Weiterhin wird in dieser Arbeit eine neuartige Datenbank von Schnarchereignis-
sen vorgestellt, welche basierend auf einer unabhängig verifizierbaren, objektiven
Referenz entsprechend Ihres Schallentstehungsortes annotiert wurden. Auf der
Basis dieses Korpus werden Strategien des maschinellen Lernens angewendet, um
Schnarchgeräusche nach ihrer Anregungsquelle zu unterscheiden, und die Ergeb-
nisse werden analysiert und diskutiert. Abgeleitet von der VOTE-Klassifikation,
einem häufig verwendeten anatomischen Schema in der Diagnose schlafbezogener
Atmungsstörungen, werden zwei vereinfachte Klassifikationsschemata vorgestellt,
hinsichtlich ihrer Eignung für den Einsatz mit Methoden des maschinellen Ler-
nens untersucht und die Ergebnisse im Hinblick auf ihren diagnostischen Nutzen
diskutiert. Diese Arbeit soll einen Beitrag leisten für die Entwicklung klinischer
Methoden zur Verbesserung der Schnarchdiagnostik, welche kostengünstig und
einfach anzuwenden sind, den natürlichen Schlaf nicht stören, in der häuslichen
Umgebung eingesetzt werden können und daher von den Patienten gut toleriert
werden.
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Chapter 1

Introduction

“Laugh and the world laughs with you.
Snore and you sleep alone.”
(Antony Burgess, 1917 - 1993)

1.1 Motivation

Approximately one out of three adults in the western world snores (14; 15).

While primary snoring without the disposition of airway obstruction does not
directly affect the health of the snorer, it can have a negative effect on the sleep
structure and quality of life of the bed partner (16). Further, snoring can be a
reason for social disturbance, e.g., when sleeping in dormitories or camping sites.
Last not least, it can affect partnerships.

Snoring is a considerable social problem. A study on the sleep quality of parents
revealed that 32% of mothers reported sleeping difficulties caused by the snoring of
their husband. Interestingly, vice versa, only 17% of fathers felt disturbed by their
snoring wives (17). Robin noted that snoring “can ruin a happy marriage and in
some parts of the USA it is considered justification for divorce” (18). It has even
been fatally concluded that “isolation may be the only effective measure” against
snoring (19). Cure is often seeked by the bed partner. As Fabricant put it: “It is
strange that the snorer himself is rarely distressed by the havoc he causes. Rather
it is the victimised spouse, the sleepy person with bloodshot eyes, who leads the
sheepish person to the doctor” (20).

Snoring can be a lead symptom of Obstructive Sleep Apnoea (OSA), a serious
disease that can severely affect the health of the person concerned. It has been
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Introduction

shown that OSA can cause serious cardiovascular conditions and it is an indepen-
dent risk factor for hypertension, heart attack and stroke. Besides, OSA disturbs
the sleep structure and prevents a restful sleep. In consequence, it can lead to
excessive daytime sleepiness affecting the quality of life, and it even can cause
micro-sleep attacks during the day, a fact that is especially dangerous in certain
professions such as truck or bus drivers. Still, studies have shown that OSA is
undiagnosed in the vast majority of patients (21). Thus, there is a demand for
easily accessible and cost-effective methods for the screening of OSA.

Snoring is caused by vibrations of slackening muscles in the upper respiratory
tract at physiological bottlenecks (22). Due to the complex anatomy of the up-
per airways, snoring is multi-factorial and can be generated by several different
anatomical structures. These include the soft palate and the uvula, the oropha-
ryngeal area where the palatine tonsils are locared, the tongue base, the epiglottis,
as well as laryngeal structures. Figure 1.1 gives an orientation of the location of
the different structures within the upper airways. During sleep the muscle tone
decreases and the soft tissue’s tendency to vibrate increases. Constrictions in the
upper airways that occur during sleep can also trigger tissue vibrations by in-
creasing the respiratory flow velocity, which can lead to turbulent flows (Law of
Hagen-Poiseuille), in turn causing snoring noise.

Figure 1.1: Anatomical structures in the upper airways that can contribute to
snoring

For a targeted treatment of snoring and related sleep-related breathing dis-
orders, it is of decisive importance to know the exact mechanisms in the upper
airways that cause the snoring sound. Although diagnostic methods exist, these
require the introduction of diagnostic equipment into the upper airways during

2



1.1 Motivation

sleep, a requirement that not every patient tolerates, or which is not possible at
all without disturbing the sleep. Acoustic methods to distinguish between differ-
ent snoring types can help to make the diagnosis easier tolerable and therefore
more acceptable for the patient. As acoustic measurements do not require invasive
measures, they can be performed without the need for the patient to wear sensors
attached to the body during sleep, and the availability of small and lightweight
measurement equipment permits the measurements to be performed at home in
the accustomed sleeping environment of the patient.

In the past decades, the acoustics of snoring have been a popular field of re-
search. Much has been published on the difference in acoustic properties of primary
snoring compared to snoring as a symptom of OSA. Also, the acoustic character-
istics of different types of snoring have been investigated and specific differences
of their acoustic peculiarities have been described.

However, the knowledge about significant differences in acoustic properties of
different snoring types does not allow the assignment of a specific snoring subject
to one of several snoring types with satisfactory accuracy. The relatively new
technology of machine learning is a promising tool to develop strategies to solve
this task. By training a machine classifier to assign snoring events to one of several
defined classes, the type of snoring can be predicted solely based on its acoustic
properties.

Although much work has been done on machine learning methods to distin-
guish between primary snoring and OSA and to predict OSA severity, little has
been published on machine classification of different types of snoring. An obvious
reason for the virginity of this specific field is the lack of available, objectively la-
belled training data. Successful and meaningful machine learning depends on the
availability of sufficiently large amounts of structured data that is labelled based
on an objective ground truth. Audio data that is objectively labelled according to
OSA severity can be comparatively easily derived from polysomnographic exami-
nations. Polysomnography is the gold standard for the diagnosis of sleep disorders
and it is performed in a vast number of sleep laboratories throughout the world
each single night. In contrast, an objective ground truth on the underlying excita-
tion mechanisms of snoring sounds can only be obtained by visual observation of
the upper airway structures at the exact moment when the snoring event occurs.

A possibility to obtain this simultaneous visual and acoustic information are
drug induced sleep endoscopy (DISE) examinations, in which the upper airways are
inspected by an experienced examiner by means of a thin, flexible endoscope that
is introduced through the nose while the patient is in a state of artificial sleep.
Such recordings are comparatively rare and not easy to obtain. Firstly, DISE
examinations require skilled and experienced medical experts, therefore they are
performed in selected Ear, Nose and Throat (ENT) centres only. Secondly, not
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all medical centres routinely file the audio information. In many cases, only the
video data is recorded. Thirdly, often only selected sections of a DISE video are
filed for medical documentation purposes for a limited time in order to reduce the
amount of data to be stored.

This work has been made possible by the cooperation with ENT experts from
four medical centres who routinely record simultaneous video and audio informa-
tion during DISE examinations and file recordings of complete DISE examinations
for research purposes. In fact, the initial idea for this work was triggered by an
incidental discussion during a routine work day in an ENT operating room where
the attending medical personnel performed a ‘quiz’ whether they could ‘hear’ the
findings from an ongoing DISE examination before looking at the endoscopic pic-
tures. Experienced ENT experts performed impressively well, and the idea was
born to find out if machine intelligence could cope with human intelligence in this
task.

The author was able to resort to a treasure of historic data that has been
recorded in clinical routine during a period of more than 10 years. For this reason,
complete medical records of the respective patients were not accessible for all
recordings, but essential patent data such as age and gender could completely be
retrieved.

In total, more than 100 hours of video and audio data stemming from more
than 2.500 patients were processed for this work in a combination of automated
and manual steps in order to create a database of snoring sounds labelled by
their excitation location. The yield of data that is suited for machine learning
is relatively small, more than 85% of the raw material had to be discarded due
to technical issues during recording, insufficient audio or video quality, or simply
because the patient did not snore during the examination.

The scientific interest in the resulting Munich-Passau Snore Sound Corpus
(MPSSC) shows that the effort was worthwhile. Since the first publication of the
corpus in the year 2017, it has been licensed and used independently by more than
35 academic groups worldwide for machine learning experiments and therefore has
become a popular database for research in this very specific scientific topic.

1.2 Research Questions and Contributions

This thesis addresses the following research questions.

1. What is snoring? Almost everybody has a instinctual idea how snoring
sounds, but the delimination to other nocturnal breathing sounds is quite
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1.2 Research Questions and Contributions

individual and lies in the ear of the beholder. In addition, subjective judge-
ment can be influenced by other, non-acoustic factors. The mild snoring of
a beloved bed partner may be tolerated well, whereas pronounced breath-
ing sounds of the person sharing the same bed can be rather disturbing in a
complicated relationship. Although the acoustics of snoring have been exten-
sively researched for more than a century, a satisfactory, objective definition
of this acoustic phenomenon is still not available. An essential prerequisite
for going about the discrimination of different snoring types is the identifi-
cation of snoring events themselves and their distinction from other types
of respiratory sounds. This problem is addressed by investigating a number
of acoustic features representing the temporal and spectral properties of the
underlying signal, in order to explore their sensitivity and specificity in the
discrimination of snoring from its most similar acoustic counterpart, loud
breathing. This is done utilising a corpus including snoring and loud breath-
ing sounds, which were labelled by a comparatively large group of blinded
annotators to reduce individual bias. In order to allow for a practical mea-
surement setup that does not require calibration, the investigated features or
feature sets are required to be independent of the absolute sound pressure.

2. Can different excitation locations of snoring sounds be distinguished solely by
their acoustic properties? In order to address this question, a novel database
of snoring events is presented that have been classified by their sound excita-
tion location in the upper airways. Annotation of the snoring events has been
carried out based on simultaneous endoscopic video recordings of the upper
airways and is therefore objective and independently verifiable. To the au-
thor’s knowledge, no other such database is publicly available to date. Based
on this corpus, machine learning strategies are applied to train classifiers to
distinguish snoring sounds according to their source of excitation.

3. How relevant and useful are the classification results achieved for conserva-
tive and surgical therapy decisions? Different anatomical schemes exist for
the classification of respiration-dependent sounds and constrictions, distin-
guishing different levels and orientations of vibrations or airway narrowing.
To address this question, two simplified classification schemes are compared
for their performance using machine learning strategies, and the results are
discussed in view of their diagnostic usefulness. Both schemes are derived
from a classification that is frequently used and widely accepted for DISE-
based diagnosis in clinical routine.

Overall, this work might contribute to find a consensus for an objective defini-
tion of snoring as opposed to (loud) breathing based on acoustic parameters, and
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serve as a guidance for future applications in the automatic detection of snoring
sounds. Further it might contribute to the development of clinical methods for
the diagnosis of snoring which are cost effective, easily to apply, do not disturb
natural sleep and can be used in the home environment of the patients.

1.3 Structure of this Thesis

The remainder of this thesis is structured as follows. Chapter 2 provides a back-
ground on sleep medicine. Section 2.1 contains a historical sketch on the devel-
opment of sleep medicine and an overview of the different kinds of sleep disorders
according to the current medical consensus, explaining in detail the established
methods for the diagnosis of sleep disordered breathing. Section 2.2 presents the
results of a comprehensive literature research on snoring sound analysis and gives
an overview of the research contributions that the author of this thesis has au-
thored or co-authored. Section 2.3 explains the acoustic particularities of snoring
sounds and the features that can be used to describe its properties. Chapter 3
describes experimental work on machine learning strategies for acoustic snoring
noise interpretation. Section 3.1 deals with the identification of suitable acoustic
features to distinguish snoring and loud breathing, Section 3.2 describes in detail
the development and the properties of the Munich-Passau Snore Sound Corpus
and the results of baseline machine learning experiments, and in Section 3.3, two
different snoring sound classification schemes are compared for their suitability
for machine-learning-based snoring sound classification. Finally, a summary is
provided in Chapter 4.

Some parts and results of this thesis are based on work that has been previously
published by the author of this thesis as the first author. In particular, the litera-
ture research results in Section 2.2 were originally published in German language
in (6), while parts of Section 2.3 were previously published in German language in
(8). Section 3.1 is based on (9), the database in Section 3.2 was first introduced
in (4), and Section 3.3 is based on (2), which was published in German language.
Further, parts of the contents in Section 2.1 and 2.3 are due to appear in a chapter
of a book titled ‘Biomedical Signal Processing with Artificial Intelligence’.
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Chapter 2

Background

“ ‘Sleep!’ said the old gentleman,
‘he’s always asleep. Goes on errands

fast asleep, and snores as he waits at table.’
‘How very odd!’ said Mr. Pickwick.”

(Charles Dickens, The Posthumous Papers of the Pickwick Club, 1836)

2.1 Sleep Disorders

2.1.1 Evolution of Sleep Medicine

In ancient cultures, sleep was considered a state of unconsciousness which was
closely related to darkness, death, and the mystic phenomenon of dreaming.

In the Roman mythology, Somnus, the god of sleep, resided in the underworld.
His sons, the Somnia, appeared in dreams in various shapes and forms. The Greek
god of sleep, Hypnos, and his twin brother Thanatos, the god of a peaceful death,
could relieve humans from suffering and help them to die a peaceful death during
sleep. Of his four children, Morpheus shaped the dreams, while Ikelos represented
people in dreams and Phantasus could transform into objects. Phobetor was re-
sponsible for nightmares by appearing in the shapes of monsters and animals.
In ancient China, dreams were an important factor in the diagnosis of illnesses,
whereas the Egyptians believed that dreams were predictors of the future.

The ancient myths live on in a number of ubiquitous English words. Som-
nus has lent his name to the field of sleep research, somnology. Hypnosis stems
from Hypnos, whereas euthanasia is derived from Thanatos. Finally, morphine is
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Background

fittingly named after Morpheus, who used to rest in his dark cave among poppy
flowers.

Today, it is well known that sleep is composed of a series of active processes
of the human brain, rather than being a perceived as a passive state of the brain
being shut down. Measuring these processes serves to detect abnormalities in the
sleep structure, which can be telling symptoms of an underlying disease.

Figure 2.1: The god of sleep
Relief by Baumeister. Source: Sorbonne University

In the 19th century, the phenomenon of sleep was the subject of extensive
research and it was understood that the brain was not simply turned off during
sleep. Ernst Kohlschuetter in 1863 considered that “Sleep and waking are two
opposing states of mental life. The same is not completely extinguished in sleep,
which is proved by dreams and the possibility of awakening a sleeper by a strong
local stimulus.” (23). Kohlschuetter measured the awaking reaction of sleeping
subjects at different times during the night by applying acoustic stimuli of defined
strength. He found that the depth of sleep changes during the course of the night,
being deeper in the beginning and becoming shallower towards the morning.

Several theories were debated about the physiological mechanisms inducing
the state of sleep. A common misconception was that sleep was induced by a
blood congestion in the head, with the increased pressure on the brain causing
unconsciousness (24). Others thought that sleep is caused by increased cerebral
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2.1 Sleep Disorders

blood flow (25), or decreased cerebral blood supply. Durham in 1860 published
his observations of the blood circulation in dog brains, the skull of which he had
cut open and covered with a glass window (26). He reported that the blood-flow
in the brain is reduced during sleep. Consequently, sleeplessness was treated by
substances reducing the cerebral blood flow, such as potassium bromide.

The debate whether sleep disorders should be treated pharmacologically or
psychologically was already in full progress. For centuries, wine and opium were
used as effective sleeping aids. In stark contrast, Russell in 1861 had a strong
opinion that sleeping problems have their cause in the mental state of the sufferers,
and stated that the physician’s “attention must be directed to regulating and
strengthening the mind. ... Even in cases of organic disease, the chances of recovery
depend quite as much on the state of the patient’s mind as on that of his body”
(27). Russell’s opinion should prove quite visionary. Recent research shows that
behavioural therapy is an effective means in the treatment of primary insomnia
(28).

Figure 2.2: Medieval surgical instrument for uvula resection invented by Abulcasis

A milestone in the understanding of the structure of sleep was the invention
of electroencephalography and its use for measuring the activity of the human
brain in the early 20th century (29). For the first time, the brain could be directly
monitored during sleep my means of its electric emissions. Not long after this
discovery, distinct sleep states were observed and defined based on their electroec-
ncephalographical wave properties. It was discovered that in frequent cases, body
“movement was immediately followed by a change of state upward, occasionally
downward, and occasionally a movement occurred just after a change of state.
During sleep there was a continual shift in states upward and downward, some-
times associated with recognised stimuli, sometimes without any external stimulus
but probably as a result of internal stimuli.” (30). The sleep states defined are
still the basis of today’s definition of depth of sleep. The phenomenon of rapid
eye movements (REM) during sleep and its relation to dreaming was discovered
in the 1950s (31). Finally, in the 1960s, a consensus committee of sleep specialists
and researchers under the chairmenship of Allan Rechtschaffen and Anthony Kales
agreed on standardised criteria for sleep staging. With the so-called R&K manual,
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Figure 2.3: Drawing of an anti-snore device
Swiss patent no. 2077 from the year 1890

they have created a standard piece of work for an internationally accepted system
of sleep scoring, which is, with slight adaptations, valid to date and a reference for
sleep research and diagnosis (32).

Snoring as a symptom during sleep was known and treated since the antiques.
Already in the medieval ages, Abu al-Qasim Khalaf ibn al-Abbas al-Zahrawi (also
known as Abulcasis) described surgical instruments used for the resection or cau-
terisation of the uvula as a cure for snoring (33), see Figure 2.2. In the 16th cen-
tury, Levinus suspected that sleeping in supine position while breathing through
the mouth may lead to an unrestful sleep (34). In 1891, Catlin described the re-
lationship between jaw position and snoring: “Few people can be convinced that
they snore in their sleep, for the snoring is stopped when they awake; and so with
breathing through the mouth, which is generally the cause of snoring - the mo-
ment that conciousness arrives the mouth is closed, and nature resumes her usual
cause” (35). Around the same time, items preventing the mouth from opening
were described as means to prevent snoring (see Figure 2.3).
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Numerous methods for the treatment of snoring have been developed, ranging
from established conservative measures such as oral appliances to advance the
mandible during sleep (36), to rather unusual methods such as didgeridoo playing
as a means of oral musculature training (37). It is well proven that weight loss
effectively reduces the severity of snoring in the majority of overweight patients
(38).

Japanese surgeon Ikematsu was one of the pioneers of modern snoring surgery
and opened new therapeutic perspectives from the 1950s. In 1964, he proposed
a combined surgery of the velum, the uvula and the palate for snoring, later be-
coming known as Uvulopalatopharyngoplasty (UPPP). His approach was quite
successful with a reported improvement of snoring symptoms in 81% of patients
(39). A decade later, In 1977, Simmons et. al. published on operations for sleep
disordered breathing, targeting the nose, tonsils and the laryngeal area (40). Even-
tually, the First International Congress on Chronic Rhonchopathy was held in Paris
in the year 1987. At this congress, Chabolle described that “anatomic causes of
snoring involve on the one hand soft palate abnormalities and on the other, an
obstacle of the upper aerial tracts.” (41).

In the following decades, sleep surgery became more radical by more invasive
versions of the UPPP. A new approach was established, the so-called multi-level
surgery, involving the surgical treatment of several levels of the upper airways
(42). While complication rates and morbidity strongly increased, success rates
remained moderate (43; 44). It became apparent that improving surgical success
rates while at the same time reducing morbidity to an acceptable level could only
be achieved by more accurate diagnostic approaches (45). It is easy to apprehend
that, for example, treatments targeting the soft palate prove to be more successful
in patients where the reason for the snoring or the OSA lies in the velar area (46; 47)
and has less effect when snoring is predominantly generated by the tongue base or
the posterior pharyngeal walls (48). Vice versa, procedures primarily targeting the
hypopharyngeal area might not be the first choice of treatment in purely palatal
snorers (49; 50).

Therefore, knowledge of the mechanism and location of obstruction and snoring
sound excitation within the UA is vital for targeted interventions. The following
sections will give an overview on sleep disorders and diagnostic options, with a
special focus on sleep disordered breathing.

2.1.2 Classification of Sleep Disorders

Today’s key reference for the description of sleep anomalies is the International
Classification of Sleep Disorders (ICSD), which is issued and regularly updated
by the American Academy of Sleep Medicine (AASM) (51). Table 2.1 shows the
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conditions that are described in this classification and their prevalence in healthy
adults (52; 53; 54; 55; 56; 57; 58).

Diagnostic Section Disorder Prevalence

Insomnia Chronic insomnia disorder up to 10%

Central Narcolepsy up to 6%

hypersomnolence Hypersomnia

Insufficient sleep syndrome

Circadian rhythm Delayed sleep-wake phase disorder up to 2%

sleep-wake disorders Advanced sleep-wake phase disorder

Irregular sleep-wake rhythm disorder

Non-24-h sleep-wake rhythm disorder

Shift work disorder

Jet lag disorder

Parasomnias Non-REM-related parasomnias <1%

REM-related parasomnias

Other parasomnias

Sleep-related Restless legs syndrome up to 15%

movement disorders Periodic limb movement disorder

Leg cramps

Bruxism

Rhythmic movement disorder

Sleep-related Obstructive sleep apnoea syndromes up to 38%

breathing disorders Central sleep apnoea syndromes

Sleep-related hypoventilation

disorders

Sleep-related hypoxemia disorder

Table 2.1: Sleep anomalies according to the International Classification of Sleep
Disorders

• Insomnia is characterised by problems to initiate or maintain sleep as well
as the lack of adequate circumstances or opportunities to sleep. It also
comprises the daytime consequences of this disorder. Chronic insomnia, as
opposed to short-term insomnia, occurs at least three times a week and lasts
longer than three months (51).

12



2.1 Sleep Disorders

• Central Hypersomnolence is characterised by a subjective complaint of ex-
cessive daytime sleepiness. A central hypersomnolence is diagnosed if this
symptom cannot be related to other types of sleep disorders. This diagnos-
tic section subsumes narcolepsy, characterised by sudden episodes of muscle
weakness or loss of muscle tone, which is often triggered by strong posi-
tive or negative emotions. Narcolepsy can also go along with hypnagogic
hallucinations and sleep paralysis. It is relatively rare with a prevalence of
0.03...0.05% (51; 59; 60).

Hypersomnia is defined as an excessive duration of nighttime sleep in com-
bination with daytime sleepiness (61), while the insufficient sleep syndrome
is simply a consequence of regularly getting less sleep than the body needs.

• Circadian rhythm sleep-wake disorders are defined as recurrent disruptions
of the sleep-wake rhythm by a mismatch of the endogenous circadian timing
system (the inner clock) with external requirements or circumstances. Mild
forms of the disorder include the typical ‘early birds’ or ‘night owls’, meaning
people who tend to wake up early or go to sleep late. Non-24-h sleep-wake
rhythm disorder often occurs in blind people, where the inner circadian timer
is not triggered by the natural light and dark rhythm of day and night. By
definition, circadian rhythm sleep-wake disorders must last more than three
months to be clinically relevant. Shift work disorder and jet lag are diagnosed
whenever the symptoms can be related to the respective cause (51).

• Parasomnias are disruptive sleep disorders that involve abnormal behaviour
or perceptions during sleep. They are subdivided by their occurrence dur-
ing either non-REM or REM sleep. Non-REM parasomnias include sleep-
walking, confusional arousal and night-terrors. REM sleep parasomnia is
often characterised by an absence of muscle atonia while dreaming. Conse-
quently, patients can act out their dreams, with the risk of injuring them-
selves or others. In rarer cases, muscle atonia is still retained while waking
up, leading to the symptom of incubus, the inability to move or speak whilst
being awake and concious (51).

• Sleep-related movement disorders are abnormal movements related to sleep.
The restless legs syndrome is characterised by the urge to move the legs
during periods of physical inactivity primarily occurring at night time or in
the evening. In contrast, periodic limb movements, rhythmic movements, or
other movement disorders such as bruxism (teeth grinding), or myoclonus
(brief, irregular jerks) occur involuntarily during sleep.

• Sleep related breathing disorders are abnormal breathing behaviours during
sleep, which can have different causes and characteristics.
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Obstructive sleep apnoea (OSA) is characterised by repeated episodes of de-
creased (hypopnoea) or completely halted (apnoea) airflow despite an on-
going effort to breathe. The reported prevalence in the general population
varies. A recent systematic review reports a prevalence in the range of 9%
and 38% for mild OSA and between 6% and 17% for moderate OSA (58).
Other estimates for mild OSA are as high as over 60% in men, and 30% in
women, respectively, in some countries (62). However, the latter research
was funded by one of the leading manufacturers of OSA therapy devices and
should therefore be considered carefully. It is indisputable that OSA preva-
lence is higher in men than in women and increases with age (63). Symptoms
associated with OSA include daytime sleepiness, excessive fatigue, and morn-
ing headache. It is a serious health condition and an independent risk factor
for cardiovascular diseases such as hypertension and myocardial infarction
(14).

Precisely, an apnoeic event is defined as a complete cessation of airflow for at
least ten seconds. Some stricter definitions require a drop in blood oxygen
saturation by >3% as a result of the apnoeic event. A hypopnoeic event
is defined as a drop of >30% in peak airflow compared to the pre-event
baseline lasting for a minimum of ten seconds, and a drop in blood oxygen
saturation by >3% or an arousal associated with the hypopnoeic event. The
averaged number of apnoeas and hypopnoeas occurring per hour of sleep
is measured by the Apnoea-Hypopnoea-Index (AHI). By common grading
standards (64; 65), an AHI of 5...<15 events per hour is considered mild OSA,
15...30 events per hour is moderate, and > 30 events per hour is defined as
severe OSA. A similar measure is the Respiratory Disturbance Index (RDI),
which counts any respiratory event of a minimum of ten seconds if it is
associated with an arousal, even if it does not meet the formal criteria of a
hyponoea.

Central sleep apnoea (CSA) also involves repeated nightly breathing cessa-
tions. In contrast to OSA, however, these are caused by a central disorder
of the ventilatory control system. In many sleep apnoea patients, both OSA
and CSA episodes can be detected, a condition sometimes referred to as
mixed apnoea or complex sleep apnoea. (51).

Sleep related hypoventilation and hypoxemia disorders are diagnosed by de-
creased oxygen and raised carbon dioxide levels in the blood, and they usually
occur in overweight patients. Charles Dickens pointedly described a typical
phenotype of a person suffering from the obesity hypoventilation syndrome
in the character of Little Fat Joe in the Pickwick Papers (66). Originally,
this condition was named the Pickwickian syndrome after this novel (67).
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Primary snoring (simple snoring) is characterised by the absence of apnoeic
or hypopnoeic episodes. According to the ICSD, snoring itself is not a sleep-
related breathing disorder, but it can be an isolated symptom or normal
variant of other sleep-related breathing disorders. Loud snoring is a typical
symptom associated with OSA in more than 90 % of patients (68; 69; 70).

The designation of snoring events is inconsistent in literature. In this work,
the noise that occurs within a single breathing cycle is referred to as a snoring
event, while a sequence of snoring events, i.e. a period of continuous snoring,
is referred to as a snoring episode. A snoring episode contains several snoring
events. Figures 2.4 and 2.5 illustrate this. In natural sleep, episodes of quiet
breathing and snoring episodes of varying duration usually alternate several
times during the night.

Figure 2.4: Temporal course of the sound pressure (SP) amplitude of a single
snoring event.

Figure 2.5: Temporal course of the sound pressure amplitude of a snoring episode
containing several snoring events.
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2.1.3 Diagnosis of Sleep Disordered Breathing

Polysomnography

Sleep structure and sleep events coincide with characteristic patterns of physi-
ological activity that can be monitored through a variety of parameters. The
most comprehensive method of sleep monitoring and diagnostic gold standard is
Polysomnography (PSG). Full PSGs are carried out in sleep laboratories consist-
ing of one or several bedrooms, fully equipped to record a patient’s physiological
parameters during sleep for a whole night. The definition of a whole night’s sleep
differs, but is generally considered a minimum sleep time of six hours. The phys-
iological data is transferred to a central ward where the patents are monitored
during the night and the somnogram is recorded for subsequent evaluation.

Figure 2.6 shows a typical bedroom in a sleep laboratory, while a central mon-
itoring ward can be seen in Figure 2.7.

Figure 2.6: Bedroom in a sleep laboratory
Courtesy of Klinikum rechts der Isar, Munich, Germany

A standardised measurement recommendation for PSG was developed in the
1950s and further refined in the following decades. The current recommended
parameters are as follows (71).

• The brain activity measured through several Electroencephalographical
(EEG) derivations is indispensable to detect sleep stages, which coincide
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Figure 2.7: Monitoring ward in a sleep laboratory
Courtesy of Klinikum rechts der Isar, Munich, Germany

with specific brain wave patterns. Derivations are unipolar against a central
reference point, which is usually located at the ear lobe or mastoid bone.

• Eye movements are detected by electrooculography (EOG) and are important
indicators to detect REM sleep. Two electrodes attached to the right corner
of the right eye (right outer canthus), and the left outer canthus, respectively,
record the muscle activity related to eye movements.

• Electromyograms (EMG) are derived to aid in sleep phase estimation and
to record limb movements. An electrode located above the chin is used to
measure general muscle tone. Further, the surface muscle tone of the right
and left anterior tibial muscles are derived to detect leg movements.

• A one-channel Electrocardiogram (ECG) is derived to measure heart rate
and to detect tachycardia and cardiac arrhythmias.

• A finger or and earlobe pulse oximetry sensor detects the course of oxygen
saturation to determine apnoeas and hypopnoeas.

• A contact microphone is attached to the neck in the tracheal region to detect
snoring, coughing and speaking activity.

• Nasal pressure sensors and oral airflow detectors record breathing by pressure
changes and thermal differences between inspiration and expiration. The
data is used to detect breathing irregularities during sleep.
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• Chest and abdominal movements during inspiration and expiration are mea-
sured using two expansion belts applied above the bony thorax and above
the umbilicus. Paradoxical thoracic and abdominal movements are a sign
for breathing effort without airflow, signifying an obstructive apnoeic event,
whilst simultaneous cessation of airflow and chest movements are a sign for
a central apnoea.

• A positional sensor is fixed to the thoracic belt to record the sleeping position.

• Optionally, an infrared video recording of the sleeper is carried out to di-
agnose parasomnia and to allow for a differential diagnostic delimitation to
certain forms of epilepsy (72).

Sample rates for EEG, EMG, ECG, and EOG data as well as the data from
the microphone are recommended to be 500 Hz, while airflow, chest and abdomen
movements are sampled at 100 Hz. Oxygen saturation is sampled at 25 Hz, while
the body position is recorded with a resolution of 1 Hz.

Figure 2.8 shows a somnogram of several subsequent obstructive apnoeic events,
whilst Figure 2.9 displays a series of central apnoeas, a condition also referred to
as Cheyne Stokes breathing. Figure 2.10 shows an example of a hypopnoeic event.
Finally, Figure 2.11 contains an example somnogram of a primary snorer. For
intranasal pressure, thermal airflow, thoracic and abdominal movement, combined
effort, and contact microphone, the specified measured values are those of the
sensors used, representing the actual physiological parameters.

Until recently, sleep analysis based on polysomnographic recordings and identi-
fication of sleep-related events is largely performed manually by sleep experts with
the help of semi-automated PSG monitoring systems, providing assistance by sug-
gesting sleep stages, movement and respiratory events from the sleep recordings.
However, the ultimate scoring is still made by a human expert. Recently, machine
learning approaches have been evaluated for the automation of PSG analyses and
data preprocessing, such as artifact detection (73). Using combinations of different
feature sets and classifiers, promising results could be achieved.

Ambulatory Cardiorespiratory Screening

Full polysomnography has a number of disadvantages. It is expensive, limiting
the number of nights that a subject can be investigated. What’s more, it requires
the subject to sleep in a dedicated sleep laboratory and therefore in an unfamiliar
environment, which is likely to influence the sleep behaviour, sleep structure and
patterns. This effect is especially pronounced when the subject sleeps in a sleep
lab for the first time, called the first night effect.
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Figure 2.8: Example somnogram of several subsequent obstructive events.
NasP = intranasal pressure. ThFl = thermal airflow sensor, periods of airflow

cessation are marked. THO = thoracic movement. ABD = abdominal movement.
Effort = combined thoracic and abdominal effort, showing a paradoxical

movement of thorax and abdomen during phases of apnoea. Mic = neck contact
microphone, showing single snoring events when breathing is restored. SpO2 =

blood oxygen saturation, phases of severe desaturation are marked.
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Figure 2.9: Example somnogram of several subsequent central apnoeic events.
ThFl = thermal airflow sensor, periods of airflow cessation are marked. NasP =
intranasal pressure. THO = thoracic movement. ABD = abdominal movement,

showing repeated cessations of breathing effort leading to apnoea. Mic = neck
contact microphone. SpO2 = blood oxygen saturation, phases of desaturation are

marked.
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Figure 2.10: Example somnogram of a hypopnoeic event.
ThFl = thermal airflow sensor, showing a reduction, but not complete cessation

of airflow. NasP = intranasal pressure. THO = thoracic movement. ABD =
abdominal movement. Mic = neck contact microphone, measuring regular snoring
noise during inspiration. SpO2 = blood oxygen saturation, showing time-delayed

measurement of blood oxygen desaturation related to the hypopnoeic event.
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Figure 2.11: Example somnogram of a primary snorer.
ThFl = thermal airflow. NasP = intranasal pressure. THO = thoracic

movement. ABD = abdominal movement, showing regular breathing. Mic = neck
contact microphone, measuring regular snoring noise during inspiration. SpO2

showing normal blood oxygen saturation.
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In order to reduce the first night effect and to allow for sleep monitoring over
longer periods of several nights, ambulatory cardiorespiratory screening allows for
the recording of a reduced number of parameters with a portable recording device
that can be used in the home environment. Usually, these systems allow recording
of oxygen saturation levels, airflow, breathing effort, heart rate and body position.
Since they do not record EEG data, their use is limited to the diagnosis of sleep
related breathing disorders.

Figure 2.12: Principle of multi-channel pressure measurement.
A thin tube with multiple pressure sensors is introduced intranasally into the
upper airways. Pressure differences between the sensors during inspiration

provide information on the level of obstruction.

Actigraphy

Introduced to clinical use in the 1990s, actigraphy plays an important role in the
assessment of activity-rest-patterns. Usually, actigraphy measurements are carried
out over a longer period of time covering several days and nights.

The core of an actigraphy recorder is a set of motion sensors measuring acceler-
ation in different axes to detect gross motor activity, and a memory unit to record
the motions over the duration of the examination. Actigraphy recorders are small
devices usually worn on the wrist. In addition to motor activity, some devices
additionally measure further parameters, such as light intensity, skin temperature,
or noise volume level (74).

Actigraphy in combination with the measurement of tracheal respiratory noise
using a contact microphone has been investigated for the monitoring of sleep struc-
ture (75). The authors found a moderate correlation of REM, non-REM, and
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Figure 2.13: Principle of a drug induced sleep endoscopy.
A flexible nasopharyngoscope is introduced intranasally into the upper airways of
the sedated patient. By moving the tip of the endoscope back and forth, different
planes of the pharynx can be observed during sleep to identify the vibration and
obstruction mechanisms. Video and audio signals are simultaneously recorded

and stored for later evaluation.

awake stages with polysomnographic sleep staging, suggesting that actigraphy,
especially in combination with other parameters, can be useful for sleep screening.

Multi-Channel Pressure Measurement

Polysomnography and cardiorespiratory screening are valuable tools to identify
the existence and severity of a sleep related breathing disorder. However, they do
not reveal information about the actual mechanisms that lead to the breathing
difficulties. Multi-channel pressure measurement helps to narrow down the levels
within the upper airways in which constrictions or obstructions occur (76; 77; 78).
A thin tube with multiple pressure sensors is introduced into the upper airways.
The pattern of pressure changes during breathing of the different sensors allows
for the determination of the obstruction location during an apnoeic or hypopnoeic
event. This method can in principle be used in natural sleep. However, the tube
within the upper airways is not tolerated by every patient.

Figure 2.12 shows the principle of multi-channel pressure measurement in the
upper airways.
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Figure 2.14: Setting of a DISE procedure

Drug Induced Sleep Endoscopy

Already in 1978, Borowiecki et. al. pioneered in video-endoscopy of the upper air-
ways in patients during natural sleep, and the authors found that “the structures
involved in production of airway obstruction in the patients with OSA syndrome
are the muscles of velopharyngeal sphincter and tongue.” (79).

The introduction of Drug Induced Sleep Endoscopy (DISE) by Croft and
Pringle in 1991 was a milestone in more precise diagnosis of the underlying in-
dividual mechanics causing snoring and OSA. (80). DISE is increasingly used by
surgical sleep specialists as a diagnostic tool in addition to PSG to identify the
location of vibration and obstruction, especially in the targeted therapy planning
for sleep disordered breathing patients (81).

For a DISE examination, a state of artificial sleep is induced using titrated
doses of narcotic agents, such as propofol or midazolam. Being in a state of
unconsciousness that resembles sleep, the upper airways are intranasally inspected
using a flexible nasopharyngoscope. Sleep experts evaluate the video image for
the location and mechanism of airway narrowing or obstruction. Snoring activity
provides additional information for diagnosis and therapy planning (8).
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DISE has a number of disadvantages. It is costly, requires the attendance of
qualified medical personnel, availability of appropriate equipment for safe adminis-
tration and monitoring of sedation, as well as sophisticated endoscopic equipment.
Further, a DISE investigation often takes more than 20 minutes overall. Also, a
subject would not remain asleep undisturbed through the introduction and move-
ment of the endoscope during the procedure, so DISE cannot be performed in
natural sleep.

Figure 2.13 illustrates the principle of a DISE examination, whilst Figure 2.14
shows a typical examination room setting during a DISE procedure.

Figure 2.15: The Kymograph, an early mechanical device for measuring pitch and
intensity of the speech signal (source: (82)).

Acoustic Analysis of Snoring

The acoustic properties of snoring have been analysed and investigated by re-
searchers of several disciplines, including ENT medicine, acoustics engineering,
audio signal processing, and last not least machine learning, with the aim of devel-
oping methods to complement or simplify the diagnosis of sleep disordered breath-
ing (83). The acoustic snoring analysis is closely related to the analysis of speech,
and methods deployed are largely based on those originally developed and used
for the investigation of human speech.
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An early example is the investigation of speech using a Kymograph, described
by Rousselot at the beginning of the 20th century (84), see Figure 2.15. In this
mechanical measuring device, speech is transmitted via a rubber tube to a mem-
brane, which vibrates when excited by the sound waves. A pen attached to the
drum transmits the vibrations to a sheet of lampblack, which is attached to a
cylinder rotating at a constant speed. The drum acts as a low-pass filter which
suppresses the higher frequency harmonics of the speech signal. Accordingly, no
formants and thus no different phonemes could be distinguished from kymographic
recordings; however, with a good magnifying glass, good eyes and a lot of patience,
three prosodic parameters could be measured: Duration (total length of the record-
ing), intensity (strength of the deflections of the curve) and course of fundamental
frequency (number of oscillations within a period of time). Around the turn of the
century and in the first decades of the 20th century, this method was regularly
used by phoneticians conducting research.

A comprehensive overview on research done in the field of acoustic snoring
noise analysis is given in the following Section 2.2.
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2.2 Prior Work

2.2.1 Literature Research

Methodology

Research on the acoustic properties of snoring noise has been undertaken in the
past decades pursuing different goals. This literature research is structured ac-
cording to the following research objectives.

1. Differentiation between primary snoring and OSA or between mild, moderate
and severe OSA.

This information can be used to develop suitable screening systems to com-
plement or partly replace polysomnographic examinations or ambulatory car-
diorespiratory screening. A technology based purely on acoustic information
can easily be used in the home environment and could even be implemented
as a software application to be used in a smartphone without the need for
additional, proprietary hardware. It is convenient for the subject under ex-
amination as no sensors are required to be attached to the body during
the night, reducing the risk of measurement errors due to incorrectly fixed
sensors. Further, it is easy to apply and does not disturb natural sleep.

2. Detection of respiratory events.

In contrast to the first objective, in this case, the aim is the detection of
the exact moment of occurrence of apnoeic or hypopnoeic events. This can
provide an additional source of information for polysomnography systems or
it can simplify ambulatory polygraphy devices. If apnoeic events can be re-
liably detected using acoustic parameters, the measurement of certain other
physiological parameters may become redundant. On the other hand, exist-
ing measurement methods can be made more reliable and automatic analysis
systems can be improved by adding the acoustically evaluated information.

3. Determination of the annoyance of snoring sounds using psychoacoustic pa-
rameters.

The severity or annoyance of snoring is routinely assessed through rating by
the bed partner using visual analogue scales, which is a purely subjective
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measure. The aim of developing objective snoring severity determination
methods is to make the acoustic impairment of the bed partner objectively
measurable and to develop an unequivocal definition of snoring severity.

4. Classification of the location of sound generation.

For a reliable surgical therapy planning it is crucial to know the mechanisms
and locations of obstructions and vibrations in addition to the severity and
type of the sleep disorder. Today, drug-induced sleep endoscopy is often
performed in addition to polysomnographic examinations. The motivation
for acoustic recognition of the snoring sound source is to obtain knowledge
about the snoring mechanisms during natural sleep and thus to support sleep
endoscopic examinations or make them obsolete in certain cases.

Database Search string # Results

Pubmed (((snore[Title/Abstract] 69

AND acoustic[Title/Abstract]))

OR (snore[Title/Abstract]

AND sound[Title/Abstract]))

OR (snore[Title/Abstract]

AND audio[Title/Abstract])

Pubmed ((snore[Title/Abstract] 2

AND annoyance[Title/Abstract]))

OR (snore[Title/Abstract]

AND psychoacoustic[Title/Abstract])

IEEE Xplore (((snore AND sound) 113

OR snore AND acoustic)

OR snore AND audio)

IEEE Xplore ((snore AND annoyance) 3

OR snore AND psychoacoustic)

Table 2.2: Search strings and number of results of the literature research

For each of the above objectives, a search was conducted in the literature
databases Pubmed and IEEE Xplore, covering publications until June 2016. The
search results were manually selected according to title and abstract, and those
not dealing with one of the respective objectives were discarded. Table 2.2 lists
the search strings used.
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Endpoints and Performance Assessment

Some of the published research deals with the statistical description of differences
of certain acoustic parameters between two cohorts, e.g. primary snoring and
OSA-related snoring. Identification of meaningful differentiators is important in
the quest for the underlying anatomical mechanisms that lead to varied forms of
snoring or causes for OSA. Furthermore, it can be beneficial for the pre-selection
of features for a machine learning task.

The statistical description of difference of the average across cohorts regarding
a certain parameter allows no conclusion as towards the class-prediction perfor-
mance based on this parameter. Using machine learning strategies, a classifier is
trained to assign particular snoring events to one of several defined classes. In
a binary classification task, the classification success can be assessed by sensitiv-
ity (proportion of instances correctly classified as positive to the total number of
objects actually positive) and specificity (proportion of instances correctly classi-
fied as negative to the total number of objects actually negative), with the terms
positive and negative describing membership of one of the two classes.

In classification tasks with more than two classes, the classification perfor-
mance per class can be described by the class-specific recall, being defined as the
number of correctly predicted samples out of the total number of samples of the
respective class. A measure for the overall classifier performance is the unweighted
average recall (UAR), which is the the average share of correctly assigned events
over all classes, or the unweighted mean of the class-specific recall of all classes.
In the weighted average recall (WAR), defined as the mean of class-specific re-
calls weighted by class sizes, the contribution of smaller classes is underweighted.
Especially in an unbalanced dataset with strongly different numbers of samples
between classes, the WAR is often higher compared to the UAR, as usually a
classifier model performs better for the larger classes. The machine learning ex-
periments in the following chapters are carried out based on a strongly unbalanced
set of data. For that reason, performance will be assessed primarily based on the
UAR.

Results

A total of 187 papers were found on Pubmed and IEEE Xplore. There were a total
of 16 duplications, so that the abstracts of 171 papers were analysed with regard
to the defined objectives. As a result of the analysis, 46 papers remained. This
excludes publications by the author of this thesis, which are described separately
in Section 2.2.2.
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Of the 46 publications, the majority, namely 32 papers, deal with the relation-
ship of snoring sound properties and OSA severity, or the distinction of OSA and
primary snoring. Three papers aim to acoustically detect apnoeic events, while
another five target annoyance measurement of snoring. Six papers were published
on the distinction of snoring noise excitation locations.

Review

In the following, the researched literature is reviewed in detail structured according
to the respective research goals.

1. Differentiation between primary snoring and OSA, classification of the OSA
severity level.

The aim of most of the identified publications on this topic, namely 27 pa-
pers out of the total of 32, is to group subjects into two classes above and
below a specific AHI threshold. The class definition is mostly based on the
classification of the OSA severity level according to the AASM into ‘mild’
(AHI 5. . . 15), ‘moderate’ (AHI 15. . . 30), and ‘severe’ (AHI>30) (64). Using
this definition, an AHI threshold of five can be used to distinguish between
primary snoring and OSA. Alternatively, a threshold of 15 can be applied to
differentiate between the classes ‘primary snoring or mild OSA’ and ‘moder-
ate or severe OSA’.

Methodically, this is a two-class classification task. The allocation of the
respective subjects to one of the two classes is based on a number of different
acoustic characteristics or a combination thereof. All publications describing
machine learning methods use the principle of supervised learning. The
labelling of the data, i. e. the a priori assignment to the correct class, is done
based on an objective reference or ground truth. In all of the considered
studies, the ground truth is derived from polysomnography data that has
been recorded in parallel to the audio recording of the snore signals.

The first publications with this objective date from the turn of the last cen-
tury. The relationship between sound pressure level (SPL) of snoring sounds
and the RDI has been investigated in a large cohort of 1139 subjects, indi-
cating a significantly higher SPL in snorers with OSA compared to primary
snorers (85). Sola-Soler et. al. in the year 2000 described significant differ-
ences of mean value, standard deviation and density of the pitch in snorers
with OSA and primary snorers (86). In the same year, members of the same
working group published for the first time the application of machine learning
methods for OSA severity classification. Based on several acoustic param-
eters, a sensitivity of 82% was achieved differentiating between OSA and
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primary snoring (87). Three years later, the same group first described the
use of the spectral envelope as well as formant analysis for the classification
of OSA and primary snoring and showed clear differences in the variability of
formant frequencies of snorers with an AHI smaller or larger than ten (88).
The use of pitch jitter analysis for the same purpose was already described in
2001 (89). Abeyratne et. al. reported a specificity of >90% in distinguishing
OSA and primary snoring in 14 subjects.

In the following years several working groups dealt with the classification
of OSA and non-OSA subjects on the basis of selected acoustic parameters.
For example, sound intensity and spectral parameters (90), formants (91; 92),
combinations of time- and frequency-based parameters (93; 94; 95), wavelets
(96), spectral bandwidth (97), pitch contour (98), mean value of divergence
curve parameters (99) were investigated. Nakano et. al. used the decrease
of the average sound energy of snoring noises recorded by smartphones for
RDI classification at different threshold values and achieved specificities be-
tween 70% and over 90% (100). Psychoacoustic parameters were also used
for classification experiments (101). Ben-Israel et. al. demonstrated that a
distinction between snorers with and without OSA is possible based on the
stability of the fundamental frequency of snoring sounds recorded during
polysomnography (102). Pitch discontinuities (jumps in the fundamental
frequency within a snoring event) also indicate OSA snoring (103; 104).

However, the amount of independent data used (i. e. the number of subjects)
is quite small in these publications. They range from eight subjects (95)
to 41 subjects (94). With a small number of different snoring individuals,
care should be taken to generalise the results. Also, the conclusions of some
studies are contradictory in comparison: Based on the first formant (F1) as
classification characteristic, Ng et. al. found that the frequency of F1 is higher
in severe OSA than in primary snoring (sensitivity 88%, specificity 82%),
whereas for the snore formants F2 and F3 no significant correlation with the
severity of OSA could be found (92). In contrast, Sola-Soler et. al. showed
a significantly lower frequency of F1 in patients with AHI>10 (105) in the
same year based on a different database of 24 subjects.

With the technological evolution of machine classifiers and the availability
of more extensive databases, remarkable results have been achieved in later
years. In some studies the methodology was extended to a three-class prob-
lem. Herath et. al. report a sensitivity and specificity between 87% and 91%
in the classification of subjects into the classes AHI<15, 15<AHI<30 and
AHI>=30 using Mel Frequency Cepstral Coefficients (MFCC) and Hidden
Markov Model-based classifiers (106). Ben-Israel et. al. used a combination
of MFCC and parameters describing the characteristics of snoring episodes
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(running variance, apnoea phase ratio, inter-event silence) and achieved a hit
rate of >80% for AHI thresholds of 10 and 20 (107). Fiz et. al. investigated
sound intensity, number of snoring events, standard deviation of the spec-
trum, sound power ratio in different frequency bands and symmetry coeffi-
cients and achieved sensitivities and specificities between 71% and 90% at
AHI thresholds of five and 15 (108).

Some groups supplemented the acoustic features with other, non-acoustic
features. For example, De Silva et. al. relied on multifeature vectors and
logistic regression, using gender and neck circumference as additional non-
acoustic parameters to distinguish between OSA and primary snoring. They
achieved a sensitivity of more than 90% (109; 110). Abeyrathne et. al. used
the neck circumference as an additional physiological feature in combination
with the analysis of tonal components in the snoring signal, achieving a
specificity of more than 93% for the classification of an AHI greater or smaller
than 15 (111). It is not reported, however, to which extent the acoustic and
non-acoustic parameters contributed to the classification results. It is known
that neck circumference by itself is a reliable predictor for the occurrence of
OSA (112; 113) therefore, it might well be the main contributing feature in
these experiments.

Although the results of the aforementioned studies are not directly compara-
ble with each other, they show promising results applying machine learning
methods for this task.

2. Identification of obstructive events based on the acoustic properties of snoring
noise

Like in the studies described in the previous section, the desired result of the
following work is the determination of the AHI. The approach, however, is
different. While the work described in the previous section aims to determine
an AHI severity level from the sound recordings during sleep over a certain
period of time (usually a whole night), the following publications deal with
the detection of the actual individual obstructive events on the basis of acous-
tic data. The objective ground truth in these studies is polysomnographic
data that was simultaneously recorded.

In an early work on this topic from 1993, Perez-Padilla et. al. showed, based
on data from 10 volunteers, that the first post-apnoeic snoring event has a
higher proportion of sound energy >800 Hz compared to pre-apnoeic events
(114). Karci et. al. confirmed this finding 18 years later (95). However, Yang
et. al. showed different results in 2012. According to their work, the maximum
frequency, the peak frequency, the mean frequency and the central frequency
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after an apnoeic event were higher, but the sound energy >800 Hz was lower
than the average (115).

In principle, solely from the acoustic properties of individual snoring events,
obstructive events can be identified only to a limited extent. The combi-
nation of these parameters with features describing the characteristics of a
snoring episode could be more promising for this task. However, this ap-
proach would also bear a degree of uncertainty. Obstructive events that take
place quietly, i. e. without accompanying snoring, would remain undiscovered
by acoustic detection alone. This problem can be mitigated by considering
both snoring and breathing noise. In addition, oxygen saturation, airflow, or
other selected polysomnographic parameters could be included in the anal-
ysis as non-acoustic parameters (116).

3. Evaluation of snoring sound annoyance

A standardised procedure for the objective evaluation of the disturbance of
the bed partner by snoring noises does not exist to date. The snoring strength
estimation, i. e. the subjective assessment by the bed partner, is usually done
by means of questionnaires and visual analogue scales (VAS). This bears the
risk that, in addition to the acoustic aspects, the non-acoustic quality of a
partnership will also be assessed, which may influence and skew the results.
For these reasons, there is a scientific interest in making the annoyance of
the actual snoring sound objectifiable.

The first work found on this topic was published in 1994 (117). Hoffstein
et. al. compared the subjective snoring perception of the snorers themselves
and of their bed partners and concluded that the perception is very different.
Objectification based on sound volume parameters was not successful.

In 2007, an interdisciplinary team of physicians and acoustic environmen-
tal engineers investigated sound pressure level and volume characteristics of
snorers using parameters used for noise exposure assessments, namely rating
level, maximum level, two percentile levels for frequent maxima, and snoring
time (118). Based on the snoring noises of 19 test persons, they created
a snoring score. In this context, the authors were able to show limits de-
fined in the World Health Organisation (WHO) noise guidelines for sleeping
environments were in some cases substantially exceeded.

A few years later, Rohrmeier et. al. used psychoacoustic parameters to de-
fine an objectifiable measure of the annoyance of snoring noises (119). They
found a clear correlation between subjectively perceived annoyance, the A-
weighted sound pressure level, the 5th percentile of psychoacoustic loudness
and the perceived annoyance, a combination of the psychoacoustic param-
eters loudness, sharpness, fluctuation and roughness. This study will be
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described in more detail in Section 3.1. Fischer et. al. came to a similar con-
clusion, showing a clear correlation between subjective annoyance rated by
the bed partners by means of VAS and a score combined of 5th percentile of
loudness and average roughness (120).

4. Classification of the location of sound generation

In contrast to the detection of obstructive events, the aim in the following
studies is to find out where snoring noise originates in the upper respira-
tory tract. Some of these studies are based on the assumption that primary
snoring events are originating in the velopharynx, whereas in OSA-related
snoring, the tongue or the hypopharynx are involved. Based on this as-
sumption, a lower fundamental frequency was found in velum snorers than
in lingual snorers on average (121). Conclusions from these results must be
drawn with caution, provided that the assumption has not been objectively
verified in the patient population used.

Using an objective ground truth, Quinn et. al. in 1996 found different wave-
form patterns in velum snorers and non-velum snorers in a group of eleven
subjects who were examined by sleep endoscopy (122). Hill et. al. (123) de-
scribe the measurement of crest factors in snoring signals from eleven test
subjects recorded during DISE. The excitation level of the snoring sounds was
visually observed and classified according to the levels soft palate, hypophar-
ynx and epiglottis. In the group of soft palate snorers, the crest factors were
significantly higher compared to the groups of non-soft-palate snorers. The
authors conclude that the type of snoring may change during the night and
that sleep video endoscopy may not be representative of snoring behaviour
during natural sleep (124). Because of the small number of included subjects
(five snorers), however, these results are not unrestrictedly generalisable.

Beeton et. al. showed distinct differences in the statistical properties of the
amplitude pattern between pure velar snoring and other forms of snoring
based on sleep endoscopic investigations (125).

In a sleep endoscopic study of 16 test subjects, Agrawal et. al. found a direct
correlation between acoustic properties and the location of sound genera-
tion. Statistical analysis revealed that the mean peak frequency, defined
as the frequency of maximum sound energy when averaged over the dura-
tion of the snore sample, is below 200 Hz in velar snoring, around 500 Hz in
epiglottic snoring and above 1 000 Hz in tongue snoring (126). Notably, these
results could not be reproduced in the natural sleep of the same volunteers.
Due to the small number of test subjects (only two tongue snorers), further
conclusions should be drawn with caution.
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In a recent study, Herzog et. al. investigated the correlation of the snoring
sound source with psychoacoustic parameters. Determination of the location
of the excitation location was based on DISE examinations. They found a
higher loudness in obstructive snoring generated at hypopharyngeal level,
a higher roughness in velar snoring and an increased sharpness in snoring
initiated at the palatine tonsil level (127).

These studies show that selected acoustic parameters differ considerably by
type and location of snoring noise generation. However, results of the above
publications should be regarded with caution due to the small sample sizes.

2.2.2 Prior Publications by the Author

The author of this thesis has authored and co-authored several publications on
the use of machine learning methods for the classification of snoring sounds ac-
cording to their excitation locations in the upper airways, which are summarised
in the following. Also included in the summary are results that have been pub-
lished by other groups on machine learning experiments based on a snoring sound
dataset developed by the author, namely the Munich-Passau Snore Sound Corpus
(MPSSC) in the framework of the INTERSPEECH 2017 Computational Paralin-
guistics ChallengE (ComParE). The MPSSC is described in detail in Chapter
3.2.

On a small pilot snoring sound dataset consisting of 24 subjects, Schmitt
et. al. used a Bag-of-Audio-Words approach (BoAW) to train a linear Support Vec-
tor Machine (SVM) (12) to classify snoring sounds by their excitation location.
Instead of directly training the classifier with acoustic features representing an
audio signal, the frequency of occurrence is counted for each representative feature
vector prototype (called audio words). In order to find the corresponding audio
word for a current feature vector, the one with the smallest distance is selected.
Subsequently, the feature space is divided from the training data by unsupervised
learning so that the audio words well represent the distribution of the data. Ap-
plying the BoAW approach to wavelet features, formants, and MFCC, a UAR of
almost 80% could be achieved.

Using snoring sound data from 40 subjects, Qian et. al. evaluated the perfor-
mance of different feature sets to train different kinds of machine classifiers for
excitation location classification, finding that spectral features, such as MFCCs,
subband energy rations, and wavelet-based energy features, outperform features
that describe the temporal properties of the underlying snore signal (7). In a dili-
gent performance analysis of different combinations of acoustic feature sets and
machine classifiers on snoring sound data from 40 subjects, Qian et. al. found the
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best performance with a UAR of more than 70% was achieved with a Deep Neu-
ral Network (DNN) trained with a feature set of 1 kHz subband energy ratios.
However, performance of subset-classifier-combinations varies widely among the
different subset permutations, which can be attributable to the relatively small
corpus size used (5).

The MPSSC, a snoring sound dataset comprising labelled snoring sounds from
219 subjects, was first introduced as the Snore Sub-Challenge in the INTER-
SPEECH 2017 Computational Paralinguistics ChallengE (ComParE) (11). In
the context of the Challenge, baseline experiments were carried out using the
official INTERSPEECH ComParE baseline feature set, which includes low-level
descriptors (LLD) related to energy, spectral features, Mel Frequency Cepstral Co-
efficients (MFCC), voicing, Harmonic-to-Noise Ratio (HNR), spectral harmonicity,
temporal course of the Fundamental Frequency F0 (Pitch), and Microprosodic Fea-
tures (Jitter and Shimmer). In addition to these LLDs, their first order derivatives,
or Deltas, are computed. In a second step, statistics of the LLDs, the so-called
Functionals, are obtained. They comprise statistical moments of different orders,
percentiles and extrema. An exhaustive list and description of the ComParE
feature set is found in (128) and (129). In addition, a BoAW approach as well as
an end-to-end learning model was employed. The highest UAR of 58.5% could be
achieved using the ComParE functionals in combination with a Support Vector
Machine. In comparison, the end-to-end learning and BoAW models have yielded
inferior results.

Seven contributions on classification experiments with the MPSSC were ac-
cepted in the context of the INTERSPEECH 2017 ComParE Snore Sub-
Challenge.

Tavarez et. al. (130) used i-vector representations of MFCCs, Constant Q Cep-
stral Coefficients (CQCC) and Relative Phase Shift (RPS) features obtained at
frame level combined with the music-related pitch class profiles, tonal centroid
and spectral contrast features as well as suprasegmental spectral statistics, voice
quality and prosodic features to train a cosine distance classifier on the MPSSC
audio data. Late fusion of the MFCC and RPS feature sets obtained the best clas-
sification performance with a UAR of 54.3% on the development set and 50.6% on
the test set, respectively.

Nwe et. al. (131) approached the snoring sound classification task by fusing the
results of three sub-systems by majority voting. The first subsystem consists of
a Bhattacharyya-based Gaussian Mixture Model (GMM) supervector in an SVM
classifier, using the ComParE baseline set as input features. In the second sub-
system, the ComParE baseline feature set is reduced to a subset of 53 out of the
originally 6 373 features by a correlation feature selection step, subsequently train-
ing a random forest classifier. Thirdly, a Convolutional Neural Network (CNN) is
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trained based on the log power spectrogram of the snoring sound. Fusion of the
three models achieved a UAR on the test set of 51.7%, while the Bhattacharyya-
GMM-SVM subsystem reached a UAR of 52.4%.

A dual source-filter model simulating the acoustic transfer function of the air-
ways was applied by Rao et. al. for feature extraction (132). The model consists of
two all-pole filters resembling the acoustic properties of two consecutive tubes. The
first tube ranges from the lungs to the obstruction location in the upper airways,
whereas the second one models the upper airways from the obstruction location to
the lips. The first filter is excited by white noise at lung level, while the second one
is excited by periodic impulses at the obstruction level resembling snoring. Param-
eters of the two filters are estimated in a multi-step process comprising detection
of the snore beat cycle impulse location, construction of two windows to atten-
uate the effect of source and filter, and estimation of the filter coefficients from
the windowed signal. The resulting feature set consists of the filter coefficients
and their respective framewise means, variances and medians and is used to train
SVM classifiers with linear and Radial Basis Function (RBF) kernel, respectively,
achieving a UAR of up to 52.8% on the test partition. Interestingly, comparison
of the confusion matrices reveals that the classification error between velum (V)
and epiglottis (E) class samples is reduced compared to the ComParE baseline
approach. Anatomically, soft palate and epiglottis, representing the excitation lo-
cations in the upper airways for these two classes, are farthest apart, which might
result in distinctly different filter coefficient estimates. On the other hand, velum
and oropharynx class instances are misclassified more often using the source-filter
model approach, which can be explained by the close proximity of velum and
oropharyngeal area, resulting in rather similar filter coefficient estimates.

Gosztolya et. al. (133) extracted features at frame level using a feature set first
proposed in the INTERSPEECH 2013 ComParE challenge (128), consisting of
39-dimensional MFCCs, voicing probability, harmonics-to-noise-ratio, F0 and zero-
crossing rate and their respective first and seconnd derivatives, as well as mean
and standard deviation over nine neighbouring frames. Further, each instance is
divided into ten equal-sized segments, and each of the above features is averaged
out in each of the segments. An SVM model was trained with this feature set and
the results eventually fused with those of a second SVM classifier trained on the
original INTERSPEECH 2017 ComParE baseline feature set, achieving a UAR
of 64.0% on the test set.

Kaya et. al. (134) particularly approached the unbalanced nature of the corpus
by proposing a weighting scheme for kernel classifiers. The audio signal is repre-
sented by MFCCs and a RASTA Perceptual Linear Prediction (PLP) cepstrum,
complemented by the first and second order derivatives, resulting in relatively small
feature sets with a dimension of 75 and 39, respectively. Both feature sets are then
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fused and represented in a Fisher vector for the classification task. In parallel, the
original baseline openSMILE feature set is applied. For classification, an Extreme
Learning Machine (ELM) and a Partial Least Squares (PLS) classifier with linear
kernels are used. Using a weight matrix counter-balancing the under-represented
classes, a ‘Weighted Kernel Extreme Learning Machine’ and a ‘Weighted Kernel
Partial Least Squares’ classifier are introduced and their performance compared to
the unweighted models by applying a two-fold cross-validation of the training and
development partition. The weighted classification models clearly outperformed
their unweighted counterparts in three of four combinations of feature sets and
folds. Notably, distinct differences in performance could be observed between the
two folds. Fusing the best four combinations of feature sets and classifiers, a UAR
of 64.2% on the test set could be achieved.

The following contributions did not officially participate in the challenge, since
some of the co-authors were part of the challenge organisers.

Amiriparian et. al. (135) generated feature vectors using deep image CNNs
trained with spectrogram plots of the snoring audio data. The feature vectors,
with a dimension of 4 096 features, were extracted from the first and second fully
connected neuronal layers, respectively, and used to train linear kernel SVMs,
achieving a UAR of 67.0% on the test set. Notably, the choice of colour map for
the spectrogram plots had an essential impact on the classification performance.
Further, best results were achieved extracting the features from the second fully
connected neuronal layer of the ‘AlexNet’ CNN. Fusion of different colour maps
and layers did not yield an improvement in classification performance in this model.

Freitag et. al. (136) used the same setup of spectrogram-fed CNNs and combined
it with an evolutionary feature selection algorithm based on competitive swarm
optimisation, which was trained using a wrapper algorithm with a linear SVM.
Results show that the UAR increases during the feature selection process until
the feature subset reaches a size of about 65% of the original feature set. Little
improvement in UAR is achieved when the number of selected features is reduced
further. With this approach, a UAR of 57.6% on the development set and 66.5%
on the test set could be achieved, using a feature subset containing 55% of the
features from the original deep spectrum feature set.

Unrelated to the INTERSPEECH 2017 ComParE challenge, Qian
et. al. performed a series of experiments on a predecessor of the MPSSC dataset
comprising snoring sounds from 24 subjects (13). Using different wavelet and
wavelet-packet feature sets to train an SVM, a UAR of up to 71.2% could be
achieved. Epiglottis snorers were most reliably distinguished from all other snor-
ing types, while velum and oropharynx snore events were most frequently confused.
Further, combining wavelet-based LLDs with a Bag-of-Audio-Words approach to
train a Näıve Bayes classifier on the MPSSC dataset yielded a UAR of 69.4% (3).
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Zhang et. al. used the MPSSC to train a semi-supervised conditional Generative
Adversarial Network (scGAN) in an ensemble setting in order to learn a mapping
strategy starting from random noise, achieving a UAR of up to 67.4% (1).

Finally, Section 3.3 summarises the machine learning results of an extended
MPSSC corpus that has been classified using two different classification schemes.
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2.3 Acoustic Information in Snoring Noise

A variety of acoustic features has been evaluated for their suitability and per-
formance in measuring information in snoring noise. Most of these features are
derived from automated speech analysis and speech recognition applications. This
chapter gives an overview of the features that are relevant for snoring analysis.

2.3.1 Periodicity

Instead of analysing the actual acoustic properties of a single snoring event itself,
the temporal relationship of successive snoring events within a snore episode can
provide valuable information on the type of snoring. Primary snoring is considered
to be more regular than than snoring in subjects with OSA. Herzog et. al. used
periodicity as a measure to distinguish between snoring episodes with rhythmic
and non-rhythmic character, finding that non-rhythmic snoring is correlated with
a higher AHI (137). Jones et. al. quantified periodicity, defined as the ratio of
the number of periodic events to the total number of events within a snoring
episode. They found a statistically significant decrease in periodicity after palatal
surgery in patients with primary snoring or mild OSA (138). Furthermore, the
periodicity can be used for the distinction of snoring from non-snoring acoustic
events. Figure 2.16 and Figure 2.17 show examples of snoring episodes with high
and low periodicity.

2.3.2 Zero Crossing Rate

The zero crossing rate is a feature that is used frequently to support the identifica-
tion of voiced and unvoiced phonemes in automatic speech recognition. In snoring
analysis, it is routinely deployed as part of larger feature sets. It is defined as the
number of sign conversions, or crossing of the zero line, of the original temporal
signal per second:

ZCR =
nzc
l
, (2.1)

with ZCR being the zero crossing rate, nzc the total number of sign conversions
of the sample, and l the total length of the sample in seconds.
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Figure 2.16: Snoring episode of a primary snorer.
All snoring events occur in regular intervals resulting in a high periodicity.

Figure 2.17: Snoring episode of a snorer with OSA.
The snoring episode is signified by several phases of irregularity, resulting in a

lower periodicity compared to a primary snoring episode.

2.3.3 Fundamental Frequency and Harmonics

A sound consists of a fundamental frequency and a series of harmonics. The
fundamental frequency determines the perceived pitch, while the structure of the
harmonics determines the timbre. For example, the chamber note A, played on a
piano and a guitar, has the same fundamental frequency, but a different harmonic
spectrum which characterises the sound of the instrument. In contrast, noise
contains no tonal components and therefore has no distinct harmonic structure
(139).
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Figure 2.18 shows a typical snore signal (a) and white noise (b) in the time
domain, as well as their respective spectra (c) and (d).

Several studies conclude that primary snoring contains a more pronounced
tonal component compared to OSA-related snoring. These investigations are based
on the assumption that primary snoring is mainly generated on the velopharyngeal
level, while snoring in OSA patients is predominantly excited in the retrolingual
or hypopharyngeal level.

Figure 2.18: Snoring signal and white noise
Snoring signal in time domain (a) and spectrum (c). White noise in time

domain (b) and spectrum (d).
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2.3.4 Crest Factor

The crest factor is used to quantify the tonal fraction of a snoring sound. It
describes the ratio of peak value to effective value (Root Mean Square, RMS value)
of a signal amplitude.

C =
|Vpeak|
Vrms

, (2.2)

where C is the crest factor, Vpeak is the peak value of the amplitude and Vrms
is the root mean square of the amplitude in the considered signal period. Some-
times, the highest (above the 90th percentile) and lowest (below 10th percentile)
components of the amplitude values are ignored in order to reduce the impact of
random artefacts.

The crest factor is mainly used in telecommunications and audio engineering,
for example to assess transmission quality. Generally, high crest factors signify
a high fraction of harmonics, but can also be caused by by strong impulses in a
signal (140). Crest factors have been applied to distinguish between different types
of snoring. Using audio recordings from DISE investigations and calculating the
crest factor for single snoring events, a significantly higher crest factor was found
in palatal snoring compared to non-palatal snoring (123). In natural sleep, the
crest factor of snoring noise can vary over time, which might be an indication that
the anatomical characteristics of snoring change in the course of the night (124).

2.3.5 Spectral Energy Ratio

The Spectral Energy Ratio (SER) describes the ratio of energy content in snoring
noise below and above a certain cut-off frequency.

SERfc =
E0...fc

Efc...fs
, (2.3)

where SER is the energy ratio, E is the spectral energy content, fc is the
cut-off frequency, and fs is the sampling frequency.

The exact value of the cut-off frequency in snoring analysis applications varies
in literature, but is usually in the order of 1 kHz. Alternatively, it is possible to
determine the frequency above and below which the energy content of the sound
signal is equal.

The SER can be used to differentiate between primary snoring and OSA-
related snoring. Several studies conclude that primary snoring contains higher
low-frequency energy components than snoring in OSA patients (114; 137; 141).
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These investigations are based on the assumption that primary snoring is
mainly caused by vibrations of the velum. The soft palate vibrates with a fun-
damental frequency well below 1 kHz and the harmonic’s energy decreases with
increasing frequency. Consequently, the signal’s main energy content is in the low-
frequency range. OSA-related snoring, in contrast, is supposed to occur at tongue
base level, generating a higher portion of non-periodic, noise-like signals caused
by turbulent air flow in the constricted areas. Hence, the energy spectrum of the
resulting noisy signal contains a larger ratio of high-frequency energy components.

However, the results are based on statistical evaluation of the relationship
between spectral energy ratio and AHI, assuming that a high AHI is related to
tongue base snoring. A direct distinction of velar and non-velar snoring using the
SER has not yet been demonstrated.

2.3.6 Pitch

In speech signal analysis, pitch refers to the course of the fundamental frequency
of speech over time (142). In other words, pitch describes the speech melody.
Accordingly, pitch can be used to describe the course of fundamental frequency
over the duration of a snoring event, see Figure 2.19.

Figure 2.19: Pitch diagram of a velum snoring event.

Pitch analysis has been used for snoring analysis by several working groups,
and differences in the stability of the fundamental frequency of snoring sounds as
well as pitch discontinuities have been described to be suitable for the distinction
of primary and OSA-related snoring (102; 103). Another measure used for snor-
ing sound classification is pitch density, which is defined as the fraction of time
containing a tonal component of the total duration of the snoring event. It allows

45



Background

quantification of the observation that velum snoring events have a clearer tonal
structure than tongue base snoring events (93).

2.3.7 Jitter and Shimmer

The prosodic features jitter and shimmer are regularly used in speech analysis
and paralinguistic applications, and they can also be applied to analyse snoring
sounds. Jitter describes the deviation from periodicity of the excitation signal,
or (in spectral representation) periodic variations in the fundamental frequency,
while shimmer describes periodic variations of the excitation signal’s amplitude.

Jitter and shimmer are usually applied for snoring sound analysis as part of
larger feature sets. Their isolated performance for the distinction of primary snor-
ers and OSA patients has only been tested in small pilot settings with moderate
results (89).

2.3.8 Sound Pressure

The sound pressure is the momentary deviation of pressure from the static local
atmospheric pressure. For a point source, the sound pressure decreases inverse-
proportionally to the distance from the sound source.

p(r) ∝ 1

r
, (2.4)

where p is the sound pressure, and r is the distance from the sound source.

The Sound Pressure Level (SPL) is the logarithmised sound pressure relative
to a reference sound pressure p0 of 20µPa.

Lp = 20 log10(
p

p0
), (2.5)

where Lp is the RMS sound pressure level measured in Decibel (dB), and p0 is
the reference sound pressure.

The SPL has been used in numerous studies to quantify snoring. It should
be noted, however, that the measurement of the absolute SPL in snorers can be
very error-prone, as the distance between recording microphone and mouth and
nose of the snorer has a considerable influence on the measured value. Additional
potential error factors are the room acoustics (reverberation of the room) and the
sleeping position. Especially in an environment that is not completely controllable
over the course of the recording process, analysing absolute SPL values involves a
high risk of uncertainty.
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2.3 Acoustic Information in Snoring Noise

2.3.9 Source Filter Model and Formants

In voice production, the oscillating vocal folds in the glottis excite a glottis sound
characterised by a fundamental frequency and a certain harmonic spectrum. On
its way from the glottis to the openings of mouth and nose, the signal travels
through the upper respiratory tract, consisting of larynx, pharynx, mouth, lips,
paranasal sinuses and tongue. The frequency spectrum of the resulting signal
exiting mouth and nose is shaped by a transfer function largely depending on the
geometric properties (length and course of cross-section) of the upper respiratory
tract from the location of sound excitation to the sound outlets. This effect is well
known from speech analysis as Fant’s source-filter model (143).

In an early publication from 1986, the source-filter model is applied to differ-
entiate between different sound generation sites within the respiratory tract. The
calculations are based on the acoustic data of one single subject with laryngomala-
cia. Differences in the frequency spectrum of the snoring sounds could be detected
in prone and supine position (144).

In speech analysis, the frequencies at which the respiratory tract’s transfer
function shows maxima are called formants and are referred to in ascending order
of their frequencies as F1, F2, F3 and F4. The frequencies and steepness of the
formants are essentially influenced by the horizontal and vertical position of the
tongue, the position of the soft palate and the position of the lips. The formants
are independent of the stimulating signal. For example, they remain constant with
changing pitch.

Similarly, snoring can be described acoustically by a system of sound excitation
source and extension tube with a frequency-dependent transfer function. In con-
trast to vocal production, however, sound is not produced at a fixed location by
the vocal folds but can be generated at different locations of the upper respiratory
tract, such as soft palate, oropharynx, tongue base, epiglottis, or laryngeal struc-
tures, depending on the type of snoring. It is reasonable to assume that different
types of snoring have a characteristic transfer function with resonance frequencies
in the resulting spectrum determined by the typical positions of the tongue and
soft palate as well as the different overall length of the acoustically active part of
the upper respiratory tract, which could be referred to as snoring formants. See
Figure 2.20 for an example of typical velum-snoring formants.

Formant properties can be calculated by linear prediction (LP). An all-pole
filter is used to approximate the spectral properties of the upper respiratory tract.
The filter parameters can be determined using Yule-Walker autoregression com-
bined with Levinson-Durbin recursion (145). The formant frequencies correspond
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with the poles of the absolute value of the complex roots of the filter model H(Z)

H(Z) =
1

1−
∑n

i=1 αiz
−i , (2.6)

with αi (i= 1, 2,.̇.,n) being the LP parameters.

While contact microphones attached to the neck at larynx level are routinely
used in polysomnographic examinations to detect snoring, an airborne sound mi-
crophone is required to measure snoring formants, since the spectrum shaped by
the upper respiratory tract becomes audible only when the sound exits the nose
and mouth.

Snoring formant characteristics for the classification of OSA severity have been
investigated in several studies with equivocal results (92; 146; 105). In a number
of snoring sound machine learning experiments performed with the participation
of the author of this thesis, feature sets based on formant characteristics yielded
moderate classification results.

Figure 2.20: Snoring formants of a velum snoring event, calculated by linear
prediction (LP)

2.3.10 Mel Frequency Cepstral Coefficients

Mel Frequency Cepstrum Coefficients (MFCCs) are a compact representation of
a signal’s spectral properties, and they are regularly used in speech recognition
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2.3 Acoustic Information in Snoring Noise

applications because they allow a separation of the properties of excitation signal
and transfer function.

MFCCs are calculated from the power spectrum of a discretely fourier trans-
formed short-term segment of the original signal, usually with a length of
20. . . 100 ms. The spectral coefficients of the fourier-transform are mapped in
frequency blocks on a Mel scale by overlapping bandpass filtering. For speech
analysis, usually a group of 12 to up to 20 frequency blocks are calculated, from
which the coefficients are derived. In the experiments described in the following
chapters, 14 coefficients were used. The Mel scale is a psychoacoustic representa-
tion of the frequency, the unit Mel describes the tonality, i. e. the perceived pitch
of sine tones. For frequencies above approximately 500 Hz, equal frequency inter-
vals are perceived as increasingly smaller pitch increments by the human auditory
system (147). Consequently, the width of the Mel frequency blocks is increasing
with the frequency. In a next step, the logarithmised energy of the Mel frequency
blocks is discretely cosine transformed, resulting in a cepstral representation of the
signal. Eventually, the magnitudes of the resulting values are the MFCCs.

In sleep laboratory studies of test subjects, the stability of MFCCs over the
entire night was used to distinguish between primary and OSA snorers (102).
MFCCs were more stable over the course of the night in primary snorers than
in subjects with OSA. It is assumed that OSA is associated with an unstable
muscular balance in the upper respiratory tract, which is acoustically expressed in
a variability of its transfer function over time.

2.3.11 Perceptual Linear Prediction

PLP is a psychoacoustically adjusted approximation of the vocal tract’s spectral
transfer function. As in LP, an all-pole filter model is calculated in an order that
is assumed to match the number of resonances of the transfer function in the fre-
quency range considered. With the resonance frequencies corresponding to the
formants of the articulation tract, LP represents the transfer function while to a
considerable extent levelling out details of the excitation signal’s harmonic struc-
ture. For PLP, the power spectrum is warped to a psychoacoustically adjusted
scale (Mel-scale or Bark scale), then convoluted with the power spectrum of a
critical-band masking curve, then pre-emphasised by an equal-loudness curve ap-
proximating the sensitivity of the human auditory system, and finally compressed
in order to approximate the power law of hearing, before the all-pole filter model
is calculated (148). Instead of using linear prediction, a cepstral transform can be
performed, resulting in a set of Perceptual Linear Predictive Cepstral Coefficients
(PLPCC).
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2.3.12 Relative Spectral Transform Perceptual Linear Pre-
diction

Relative spectral transform (RASTA) adds a step of linear band pass filtering to
each energy band after the spectral transform, in order to reduce the impact of
slowly varying and constant signal components, again simulating human auditory
speech perception. RASTA filtering especially provides superior results over PLP
for signals overlaid with static background noise (149).

RASTA-based analysis results of snoring sounds have not been published so
far. In the experiments described in this thesis, RASTA features have been used as
part of a larger feature set. Analysis of the performance of different feature subsets
did not show superior results in the classification of isolated, single snoring events.

2.3.13 Wavelets

Short-Time Fourier Transform (STFT) generally results in a trade-off between
length of the respective window length and the spectral resolution. A discrete
short-time fourier transform F expresses a signal as a discrete spectrum of a time-
domain signal x(t) within a windowed timeframe:

F (t, ω) =
∑
n

x(n)w(n− t)e−jωn, (2.7)

where w(n) is the window function and ω is the frequency.

With the window length being constant, a short window results in a coarser
spectral resolution that is independent of the frequency to be displayed, whereas
a fine spectral resolution can only be achieved at the cost of a longer window and
therefore a reduced temporal resolution.

For audio signal analysis, a detailed spectral resolution of the low frequency
range is desirable, whereas a fine resolution of the spectrum’s temporal course
is important for higher frequencies. Wavelet transform allows both a fine low
frequency spectral and a detailed high frequency temporal resolution and therefore
provides useful information for analysis of non-stationary audio signals (150).

A (non-windowed) fourier transform expresses a signal as a weighted sum of
time-invariant sine and cosine functions and therefore loses any information for
time localisation. Wavelets in contrast are oscillations that occur in a short period
of time, and a wavelet transform represents the signal as a combination of scaled
and translated wavelets which are defined in frequency and time. Figure 2.21
shows the graphical representations of a Morlet Wavelet, an often-used mother
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wavelet which provides a good compromise between spectral and temporal resolu-
tion. Figure 2.22 shows the Mexican Hat Wavelet which provides an even higher
spectral resolution.

Figure 2.21: Morlet Wavelet (real part)

Figure 2.22: Mexican Hat Wavelet (real part)

The elementary functions of the wavelet transform are scaled and shifted ver-
sions of a time-local mother wavelet. A discrete wavelet transform W expresses a
signal x(t) as:

Wψx(a, b) =
1√
a

∑
t

ψ(
t− b
a

)x(t), (2.8)

where ψ is the mother wavelet, a is the scaling parameter and b is the translation
parameter.
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A wavelet transform can be understood as a cascade of bandpass filters that
decomposes the signal into a tree of orthogonal subspaces with an approximation
part carrying the information of the low pass and a detail part that contains the
high pass information. A wavelet packet transform (WPT), in turn, decomposes
both the approximation and the detail part of the original signal. Or to express it
differently, while a WT employs only low pass filters, a WPT uses both low pass
and high pass filters (151).

The usefulness of wavelets has been explored for the identification of obstructive
events in OSA patients (96). Using continuous wavelet transform, the spectral
energy distribution in snoring events has been analysed immediately before, during
and after an apnoeic event, revealing higher fractions of high-frequency energy
components in the snoring event directly following the apnoeic event.

Qian et. al. used WT and WPT to create feature sets for the classification of
snoring sounds based on the Munich-Passau Snore Sound Corpus and could achieve
comparable results to large feature space extraction approaches (7; 10; 13).
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Chapter 3

Own Contributions

“To date, a satisfactory definition of snoring is lacking”
(The Sleep Medicine Working Group of the German Society

of Otorhinolaryngology, Head and Neck Surgery, 2013)

3.1 Snoring and Breathing

3.1.1 Introduction

What is snoring? Almost everybody knows how snoring sounds and will recognise
it when hearing it.

While such noises can also be simulated in the wake state, commonly, snoring is
understood to occur involuntarily during sleep. Besides from natural sleep, snoring
can also be forced artificially by titration of narcotising drugs such as propofol or
midazolam, as used during drug-induced sleep endoscopy.

Other nocturnal respiration-related sounds are wheezing, puffing or whistling
sounds, such as the stridor. In contrast to snoring, generated by vibrations of
soft tissue in the pharynx, the stridor is caused by turbulence in the larynx or
the tracheobronchial area (152), mostly due to subglottal stenoses or anomalies,
e .g. because of a tumour disease. For a reasonably experienced listener, the two
phenomena can be easily distinguished. A stridor is characterised by whistling
noises with tonal components that have a fundamental frequency that is consider-
ably higher than that of snoring. Other subglottal sounds are the rhonchus, which
may contain low-frequency tonal components (humming rhonchus). This is often
caused by floating mucus in the large airways and can be caused by asthma or
Chronic Obstructive Pulmonary Disease (COPD).
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Often, snoring sounds are defined as audible soft tissue vibrations in the upper
respiratory tract, with a distinct tonal component in the resulting noise (153). In
contrast, breathing noises are considered to be caused by turbulences in the nasal
and oral airflow resulting in a noisy sound without pronounced tonal components.

Automatic algorithms distinguishing between breathing and snoring sounds,
as used for example in machine classifiers, can only be as good as the data with
which they are trained. Thus, the quality of the training data, annotated by
human listeners, is a potential source of inaccuracies in classification tasks.

In 1990, the American Sleep Disorders Association (ASDA), the predecessor
organisation of today’s American Academy of Sleep Medicine (AASM), defined
snoring as “loud upper airways breathing . . . caused by vibrations of the pharyn-
geal tissues” (154). In 1996, Dasmasso et. al. noted that “snoring is a symptom
of nasal obstruction . . . however, its acoustic features in these disorders are not
well-defined” (22). The authors defined a snoring index (numbers of snores per
hour of sleep) and a snoring frequency (numbers of snores per minute of snoring
time). Both definitions, however, refer to the frequency and severity of the snoring
phenomenon, and do not consider the acoustic particularities of the snoring sound
itself.

More recently, in 2017, Swarnkar et. al. described snoring as being “charac-
terised by repetitive packets of energy that are responsible for creating the vibra-
tory sound peculiar to snorers” (155). This definition is based on the fact that, in
most subjects, snoring is generated in the inspirational phases during successive,
regular breathing cycles.

Nevertheless, no definition exists to date that permits an objectively measur-
able distinction between snoring and loud breathing, which can occur at very
similar temporal patterns. As the Sleep Medicine Working Group of the Ger-
man Society of Otorhinolaryngology, Head and Neck Surgery puts it: “To date, a
satisfactory definition of snoring is lacking” (65). Such a definition, however, is a
fundamental prerequisite to develop algorithms that attempt to acoustically detect
snoring events during natural or artificial sleep. Obviously, automated analysis and
classification of snoring sounds is only possible after a reliable separation of inspira-
tory and expiratory snoring events from other background noise. Several different
approaches, which were in part derived from speech signal processing, have been
investigated for their suitability and show snoring sound detection specificities of
of well over 95% (156; 157; 158; 102; 159; 160; 161; 146; 162; 163). Notably, none of
these publications provide an objective definition of snoring in distinction to other
respiratory or ambient noises. Rather, the distinction of snoring and non-snoring
sounds has been made by the investigating authors themselves based on their own
subjective judgement, making their findings not independently verifiable.
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Rohrmeier et. al. (164) made efforts to overcome this lack of an objective dis-
tinction between snoring and loud breathing. In order to arrive at a reliable dif-
ferentiation, they have created a corpus of nightly breathing and snoring sounds
which was classified by 25 human raters as either breathing or snoring. Although
still based on subjective judgement, the high number of independent raters pro-
vides a certain common ground. The sounds were analysed for sound pressure level
as well as for the psychoacoustic parameters loudness, sharpness, roughness, fluc-
tuation, and annoyance. Annoyance yielded a sensitivity and specificity of 76.9 %
and 78.8 %, respectively.

The aim of this chapter is to find more selective and more robust objective
acoustic descriptors and to deploy machine learning methods for the distinction
between snoring and breathing. These findings can later be used to develop and
improve applications for automatic identification of snoring events during sleep.

3.1.2 Materials and Methods

Database Properties and Data Preparation

The corpus created by Rohrmeier et. al. comprises 55 audio sequences of nightly
breathing and snoring sounds from 23 subjects recorded during natural sleep in a
sleep laboratory. The audio sequences are approximately ten seconds in length,
each sample containing three complete, consecutive respiratory cycles (inspiration
and expiration). Care has been taken to include sounds that cover the whole
spectrum from ‘normal’ breathing to ‘heavy’ snoring. The sounds were classified
by 25 human raters. An inter-rater agreement of 75% was used as a threshold to
classify sounds as either ‘snoring’ or ‘breathing’. 16 percent of the sound sequences
could not be classified unequivocally (inter-rater agreement of less than 75%) and
were labelled as ‘unclear’. For details on subjects and annotation methods please
refer to (164).

For the analysis, each of the 55 sequences were cut into three separate segments
only containing the inspiratory phase of the respective breathing cycle, as, in the
predominant number of cases, snoring occurs during inspiration. Two exceptions
have been made: the subjects in two of the recordings showed pronounced snoring
during expiration, with an acoustically unobtrusive inspiration phase. In these
cases, the expiratory phase was selected for analysis. Further, four samples were
excluded as they contained a level of distortion that might negatively affect the
extraction of acoustic features.

All segments have been normalised and stored in wav PCM format at 48 kHz
sampling rate and 16 bit resolution. In total, the resulting database comprises 161
snoring or breathing samples with an average length of 1.88 s (range 0.53 ... 2.88 s).
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Of these, 95 samples were classified as ‘snoring’ (S), 39 samples as ‘breathing’ (B),
and 27 samples as ‘unclear’ (U).

The S-class and B-class samples were stratified into two sequence-disjunctive
partitions, namely, a training and a development set together containing the sam-
ples from 45 sequences. All samples stemming from one sequence have always been
assigned to the same partition. Because of the lack of an unequivocal label, the
U-class samples were not included in either the training or the development set.

Machine Learning Experiments

For feature extraction, the openSMILE (Speech & Music Interpretation by Large-
Space Extraction) open-source audio feature extractor was used (165; 166). The
INTERSPEECH ComParE feature set was deployed, which was developed for
speech, linguistic and paralinguistic machine classification tasks. openSMILE
and the INTERSPEECH ComParE feature set have been successfully used in a
number of earlier projects on snoring analysis (128; 167; 7; 11; 10), hence is was
selected it for these experiments.

The INTERSPEECH ComParE feature set is based on 65 low level descrip-
tors (LLDs), describing temporal and spectral properties of the source signal. In
addition, the first order derivatives (deltas) for each LLD are calculated and a set
of nine statistical functionals is derived from the LLDs and their deltas, resulting
in a total number of 6 373 features. Table 3.1 lists the groups of LLDs contained,
while Table 3.2 shows the statistical functionals calculated for the LLDs. A de-
tailed description of the feature properties can be found in (128) and (167).

The open-source support vector machine toolkit LIBLINEAR (168) was chosen
to train a classifier. A support vector machine (SVM) determines a separator, a
hyperplane, in a set of elements of different classes, which divides these classes in
the best possible way. The hyperplane is arranged in such a way that the widest
possible margin remains around the class boundaries. Figure 3.1 shows an example
of a linear subdivision of two classes in a two-dimensional space X ∈R2. In the
experiments described here, the dimension of the space in which the support vector
is calculated corresponds to the size of the feature vector, i.ė. a 6 373-dimensional
space.

Octave 3.6.1 with GCC 4.6.2 was used as programming platform.

The performance of two solver types was compared, dual L2-regularised L2-loss
support vector classification, and dual L2-regularised logistic regression. Linear
SVMs achieve good results especially with smaller data sets and a large number
of features, as is the case in these experiments. Furthermore, their generalisation
behaviour can be well controlled by the complexity parameter, allowing a certain
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Subset # LLDs # Features Description

pcm RMSenergy 1 100 Root mean square energy

pcm zcr 1 100 Zero crossing rate

F0final 1 83 Smoothed fundamental

frequency contour

logHNR 1 78 Logarithmic ratio of

harmonic signal energy

to noise signal energy

voicingFinalUncl 1 78 Voicing probability

jitterLocal 1 78 Frame-to-frame

period lengths differences

between pitch periods

jitterDDP 1 78 First order derivative

of jitter

shimmerLocal 1 78 Frame-to-frame amplitude

differences between

pitch periods

pcm fftMag 15 1500 Magnitude of fast fourier

transform coefficients

mfcc 14 1400 Mel-frequency cepstral

coefficients

audSpec 26 2600 Mel frequency spectrum-

generated perceptual

linear predictive

cepstral coefficients

audspec 1 100 Sum of the audSpec

coefficients

audspecRasta 1 100 Relative spectral

transform-style

filtered auditory spectrum

ComParE 65 6373 All subsets combined

Table 3.1: Feature subsets of the INTERSPEECH ComParE feature set
# LLDs = Number of low-level descriptors; # Features = Number of features with

first order derivatives and statistical functionals.
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Functionals

max, min, mean, range,

standard deviation, slope,

bias (linear regression approximation),

skewness, kurtosis

Table 3.2: Statistical functionals of the INTERSPEECH ComParE feature set.

percentage of errors during training and avoiding over-adaptation to the training
data.

In a first experiment, a 45-fold cross validation using the S-class and B-class
samples was performed, each time leaving the samples of one sequence out of the
training, respectively the development set, and used for testing. The complexity
parameter was set to 1, which has been experimentally determined in the range of
2−30, 2−29, . . . , 20 as providing the optimal UAR when optimised on the develop-
ment partition. Training of the final model was performed fusing the training and
development partition, in each case without the samples of the respective testing
sequence.

The experiments were carried out 14 times. Besides the full INTERSPEECH
ComParE feature set, the 13 subsets were deployed one by one in order to deter-
mine those feature classes which are most sensitive for the distinction of snoring
and breathing sounds.

Figure 3.1: Principle of a support vector classification in a two-dimensional space.
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In a second experiment, the probability values from the logistic regression solver
type training results were compared with the level of agreement of the human
raters, i. e., the percentage of raters that defined the sounds of the respective se-
quence as snoring. An agreement of >75 % was defined as snoring (S), <25 % as
breathing (B), between 25 % and 75 % as unclear (U). In this experiment, the data
for the S-class and B-class type samples were used which were generated as de-
scribed above. In addition, the full combined training and development partitions
of all S-class and B-class samples were used for model training and the model was
tested on the U-class.

Ranking of Single Features

In order to evaluate the single most sensitive features for the distinction between
snoring and breathing, the UAR was calculated for each of the 6 373 features, de-
fined as the mean of the class-specific recalls for S-class and B-class samples. This
exercise was done for all possible values of the respective feature, and considering
the value yielding the maximum UAR as the ideal separator for this feature.

SVM classification Logistic regression

Name of Set % UAR % WAR % UAR % WAR

pcm RMSenergy 87.9 90.3 90.4 91.8

pcm zcr 75.4 79.1 75.0 80.6

F0final 63.3 69.4 64.7 72.4

logHNR 81.9 85.1 79.6 82.8

voicingFinalUncl 84.5 86.6 81.1 82.8

jitterLocal 67.4 73.1 64.9 71.6

jitterDDP 69.5 73.9 73.1 76.7

shimmerLocal 79.4 83.6 81.9 85.1

pcm fftMag 93.0 93.3 93.0 93.3

mfcc 88.0 85.0 89.0 86.6

audSpec 87.2 85.1 87.2 85.1

audspec 92.2 93.3 91.7 92.5

audspecRasta 62.3 67.9 60.2 67.2

ComParE 92.9 91.0 92.4 90.3

Table 3.3: Classification results per feature subset of the S-class and B-class
samples using two different solver types.

UAR = unweighted average recall; WAR = weighted average recall.
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3.1.3 Results

The results of the first experiment are summarised in Table 3.3, using the UAR as
performance measure. The best classification performance could be achieved using
the pcm fftMag feature subset, comprising 15 coefficients and their derivative and
statistical functionals derived from the magnitudes (the real parts) of a fast fourier
transform of the signal. Both SVM classification and logistic regression yielded a
UAR of 93.0 %. The second best performance showed the audspec feature subset,
with a UAR of 92.2 % using SVM classification, and 91.7 % using logistic regression.
Interestingly, this subset is based only on a single LLD, which is the sum of 26
perceptual linear predictive (PLP) cepstral coefficients generated from the Mel
frequency spectrum. The full INTERSPEECH ComParE feature set yielded
a UAR of 92.9% using SVM classification, and 92.4% with logistic regression.
Table 3.4 shows the confusion matrices using SVM classification for the three
best-performing feature subsets.

Figure 3.2 shows a scatter plot of the probabilities from the trained logistic
regression model versus the the percentage of raters that defined the sounds of the
respective sequence as snoring (second experiment). Comparing the determina-
tion coefficient R2 for all feature subsets, we found that the full INTERSPEECH
ComParE set yielded the best result with an R2 of 0.66.

audspec pred -> - S - - B -

- S - 97.4 % 5.3 %

- B - 10.3 % 89.7 %

ComParE pred -> - S - - B -

- S - 88.4 % 11.6 %

- B - 2.6 % 97.4 %

pcm fftMag pred -> - S - - B -

- S - 93.7 % 6.3 %

- B - 7.7 % 92.3 %

Table 3.4: Confusion matrices of the best-performing feature subsets using SVM
classification

For the single features, Figures 3.3, 3.4, and 3.5 show scatter plots of inter-rater
agreement versus value after openSMILE feature extraction of the three single
features yielding the highest UAR. The x-axis shows the inter-rater agreement,
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Figure 3.2: Probabilities calculated by logistic regression versus inter-rater
agreement.

x-axis = inter-rater-agreement; y-axis = probability values for the snoring class
of the logistic regression model. U-class samples are depicted in grey colour. The

dashed line is the trendline.

the y-axis displays the respective feature value. The horizontal line denotes the
ideal separator (value of highest UAR).

Table 3.5 summarises the UAR, sensitivity and specificity of the best-
performing single features.

All of the three features are statistical functionals of a PLP cepstral coefficient
generated from the mel frequency spectrum. Namely, the flatness of the second
audspec coefficient (Figure 3.3), the 1%-percentile of the first coefficient (Figure
3.4), and the standard deviation of the first coefficient (Figure 3.5).

3.1.4 Discussion

The best-performing single features as well as the second-best-performing feature
subset are based on Mel frequency spectrum-generated PLP cepstral coefficients.
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Figure 3.3: Agreement versus feature value audSpec-Rfilt-sma[2]-flatness.

Figure 3.4: Agreement versus feature value
audSpec-Rfilt-sma[1]-percentile1.0.
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Figure 3.5: Agreement versus feature value audSpec-Rfilt-sma[2]-stddev.

The best performing feature subset is based on FFT-generated features,
whereas single FFT-based features yielded a UAR of up to 91.3 %, which is the
next best performance after the audspec-based features.

AudSpec and FFT are different representations of the signal’s spectral prop-
erties. By comparison, features describing the temporal properties, such as jitter
and shimmer, did not prove to be as good predictors for the difference of snoring
and breathing.

Interestingly, based on this dataset, single features showed a performance that
is comparable to models learnt on SVM-classification and logistic regression and
based on complete feature sets. The generalisability of classifications based on
a single feature remains questionable, however, and might well be worse than a
feature set-based machine learnt model when applied to unknown, independent
data.

In comparison, the results presented here are notably better than those reported
by Rohrmeier et. al. using psychoacoustic parameters. Rohrmeier et. al. found
that annoyance according to Zwicker’s psychoacoustic annoyance model yielded
the best distinction between loud breathing and snoring (sensitivity 76.9%, speci-
ficity 78.8%). Zwicker’s annoyance model combines four acoustical parameters,
particularly, loudness, sharpness, fluctuation strength and roughness (169). Loud-
ness is a measure that aims to resemble the subjective perception of the volume of
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Score Name of Feature % UAR % Spec % Sens

1 audSpec-Rfilt-sma[2] 93.8 94.9 92.6

flatness

2 audSpec-Rfilt-sma[1] 93.5 92.3 94.7

percentile1.0

3 audSpec-Rfilt-sma[2] 93.2 94.9 91.6

stddev

Table 3.5: Best-performing single features.
UAR = Unweighted Average Recall; Sens = Sensitivity; Spec = Specificity

a sound. It is derived from the sound pressure, which in turn depends on the dis-
tance and position of the recording microphone relative to the sound source, i. e.,
the snorer’s mouth and nose. This parameter therefore requires a careful setup
and calibration of the recording situation. Differences in microphone positions,
amplification settings of the recording equipment, and even sleeping positions of
the snoring subject may result in differences of the annoyance value and therefore
skew the results.

The PLP cepstral coefficients, in contrast, are based on the spectral proper-
ties of the signal and independent of the absolute SPL. Further, the amplitude
of the audio samples has been normalised. This promises to yield more robust
results when used in real life applications, where microphone positions and room
conditions might not be precisely controllable.

A weakness of the experimental setup used here is that the experiments are
based on a ground truth that is still subjective, although the high number of
raters promises a certain level of consensus compared to classifications that are
based on the evaluation of one single or a small group of raters. Further, the
original classification by the raters was made by listening to all three snore cycles
of the respective sequence. For the experiments described here, the sequences were
separated these into single samples. Potential differences in sound between the
three respiratory cycles of the same individual have therefore not been considered,
a fact that potentially might have an influence on the results. Finally, the size
of the corpus is small for a machine learning task. Therefore, the robustness and
generalisability of these findings is yet to be confirmed by larger datasets.
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3.2 The MPSSC Database

3.2.1 Introduction

Polysomnography and cardiorespiratory screening provide a reliable diagnosis as
towards the type and severity of a sleep related breathing disorder. However, it
is of very limited use to identify its underlying mechanisms. DISE is increasingly
used by sleep surgeons and appreciated as a useful tool to identify the location of
vibration and obstruction. Because it is cost intensive, time consuming, and cannot
be performed in natural sleep, it is of interest to develop alternative methods for
the identification of the excitation location of snoring sounds that do not have the
mentioned limitations. A possible solution can be the acoustic analysis of snoring
sounds.

It has been shown in principle that different excitation locations of snoring
sounds are correlated with distinct acoustic characteristics (22; 8). Consequently,
the determination of different types of snoring must be possible by acoustic anal-
ysis of the related sound. In order to test this hypothesis, the Munich Passau
Snore Sound Corpus (MPSSC) has been developed. The corpus consists of audio
recordings of separate snoring events that have been annotated using simultane-
ous endoscopic video recordings of the upper airways taken during DISE examina-
tions. The labelling is therefore based on an objective and independently verifiable
ground truth.

Applying machine learning strategies to distinguish snoring sounds according
to their source of excitation may perspectively complement DISE investigations or
even replace them by acoustic analysis of snoring sounds in selected patients, and
thus decrease the physical strain for patients undergoing snoring diagnosis and
reduce healthcare cost.

In contrast to earlier work, it is not the aim of the experiments described
in this chapter to distinguish between primary snoring and OSA or to classify
OSA severity, but to identify vibration locations, no matter if the snorer shows
obstructive episodes or not.
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3.2.2 Materials and Methods

Data Collection

The database is derived from original endoscopic recordings taken during DISE
procedures. The material is available in mp4 format and contains simultaneous
video and audio recordings. The recordings were made during DISE examinations
of patients who had undergone previous PSG and were diagnosed with OSA. DISE
was performed as an additional diagnostic measure in these patients for planning
of subsequent surgical interventions, for pressure titration of a continuous positive
airway pressure (CPAP) system, or for fitting of a mandibular advancement device
(MAD). The material was obtained from the following three clinical centres which
use DISE examinations as a routine diagnostic method in selected patients.

• Klinikum rechts der Isar (Technical University Munich), Munich, Germany:
recordings from 38 subjects taken 2013 through 2014.

• Alfried Krupp Hospital Essen, Germany: recordings from 2090 subjects
taken 2006 through 2015.

• University Hospital Halle/Saale, Germany: recordings from 46 subjects taken
2012 through 2015.

Table 3.6 shows the equipment and the microphone setups used for recording
of the DISE videos.

Figure 3.6 displays screenshots taken from DISE recordings as examples of
typical snoring events. The upper left image (V ) shows a vibrating velum at the
palatal level. In the lower left image (O), the oropharyngeal level can be seen with
vibrating palatine tonsils. In the upper right image (T ), the tongue base vibrates
against the posterior pharyngeal wall. Finally, the lower right image (E ) shows a
vibrating epiglottis. The white arrows in the images mark the respective vibrating
structures.

Pre-Processing

First, the audio signal was extracted from the mp4 files and stored in wav-format
(16 bit, 44 100 Hz). Subsequently, audio events were identified using an automated
algorithm. As in the experiments described in the previous Chapter 3.1, Octave
3.6.1 with GCC 4.6.2 was used for programming. The absolute value of the sig-
nal amplitude was averaged in non-overlapping 10 ms windows. The background
noise level was determined by means of a histogram of the signal amplitude with
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Centre Recording equipment and setup

Munich Storz flexible nasopharyngoscope,

Storz Telepack X recording system (Storz, Tuttlingen),

headset microphone Sennheiser ME3

(Sennheiser, Wedemark),

recording position 5-10 cm to the side of the patient’s mouth.

Essen Olympus flexible nasopharyngoscope,

Rehder/Partner rpSzene recording system

(Rehder und Partner, Hamburg),

hand-held microphone with recording distance approx. 1m

in front of the patient’s mouth,

alternatively forehead microphone with recording distance

approx. 30cm above the patient’s mouth.

Halle Storz flexible nasopharyngoscope,

Storz AIDA recording system (Storz, Tuttlingen),

stand-mounted condenser microphone NT3

(RODE, Silverwater, Australia),

recording distance 30cm in front of the patient’s mouth.

Table 3.6: Recording setup at the clinical centres

1024 equally spaced intervals, averaged in on-overlapping 10 s windows. The back-
ground noise level was defined as the respective maximum value of the histogram.
All segments exceeding a level of two times the determined background noise level
for a minimum duration of 300 ms were annotated. Adding 100 ms of signal before
and after the actual onset and end of the event, the events were extracted from the
original audio file, normalised, and saved as separate wav files (16 bit, 16 000 Hz).
Figure 3.7 illustrates the segmentation procedure. All described values were ex-
perimentally optimised during the algorithm development based on a subset of the
DISE audio recordings.

Pre-Selection: Snoring and Non-Snoring Sound Events

In a next step, an experienced human listener (the author of this thesis) listened to
all selected events and classified them manually as either pure snoring (snoring) or
other sounds (non snoring). Also, those events that contained a snoring event but
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Figure 3.6: Screenshots taken from DISE video recordings showing palatal snoring
(V), oropharyngeal snoring (O), tongue base snoring (T), epiglottal snoring (E).

All screenshots are taken from videos of the Essen centre.

were disturbed by non-static background noise, such as speech or acoustic alarm
signals from medical equipment, were excluded from the snore group. The same
applies for snoring events that were overdriven or distorted by disturbances in the
recording chain.

The criteria to include a sound event in the snoring group were therefore based
on the subjective judgement of the author of this thesis. A rigid standard was
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Figure 3.7: Illustration of the segmentation procedure based on an example of a
20 s audio signal from a DISE recording.

Based on the amplitude envelope of the snore signal, the horizontal line is the
threshold amplitude of two times the background noise level. The vertical lines
show onset and end of the selected audio segments identified as events of min.

300 ms length.

applied to pass as snoring sound. When in doubt, a sound event was rather
excluded from the snoring group.

A subject’s recording was discarded altogether if

• no acoustic event could be extracted from the original recording,

• none of the extracted acoustic events qualified as snoring signal,

• all of the snoring events were polluted by non-static background sounds,
overdriven or distorted.

While the material from Halle/Saale and from Munich was already pre-selected
for videos containing snore episodes, the material from Essen had not been pre-
screened. Therefore, the yield of subjects with snoring events from the Essen
material was distinctly lower compared to the other two centres.

In total, snoring events from 331 subjects were selected for subsequent anno-
tation (Essen, 266 subjects; Munich, 31 subjects; Halle/Saale, 34 subjects). The
total number of snoring events was 2 261, the number of snoring events per subject
ranged from two to 30.
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Classification

V

O

T

E

Figure 3.8: Vibration areas in the upper airways according to the VOTE
classification

Sagittal section through the head; V = velum; O = oropharynx; T = tongue base;
E = epiglottis.

Several schemes have been suggested for the classification of the location of
upper airway obstructions and snoring noise generation (170; 171; 46; 172). A
widely used scheme is the VOTE classification, introduced by Kezirian et. al. in
2011 (173). The VOTE classification allows a standardised description of obstruc-
tion or vibration sites with regards to their location. According to the VOTE
scheme, four structures that can be involved in airway narrowing and obstruction
are distinguished (174):

• V, Velum (palate), including the soft palate, uvula, and lateral pharyngeal
wall tissue at the level of the velopharynx.

• O, Oropharyngeal lateral walls, including the palatine tonsils and the lateral
pharyngeal wall tissues that include muscles and the adjacent parapharyngeal
fat pads.

• T, Tongue, including the tongue base, the lingual tonsil, and the airway
posterior to the tongue base.
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• E, Epiglottis, describing folding of the epiglottis due to decreased structural
rigidity or due to posterior displacement against the posterior pharyngeal
wall.

Figure 3.8 illustrates the corresponding levels within the upper airways.

In addition, the VOTE classification contains a description of the shape of
obstruction, using the categories anterior-posterior (a-p), lateral (l), and concentric
(c).

Further, the degree of airway narrowing can be qualitative assessed on a scale
from 0 to 2 (0, no obstruction; 1, partial obstruction; 2, complete obstruction),
and the occurrence of snoring can be noted.

The VOTE classification as introduced by Kezirian et. al. is primarily used to
describe airway narrowing and obstruction in OSA patients. For the research de-
scribed in this chapter, a simplified version of the VOTE classification is introduced
in order to describe the location of vibration of the soft tissue generating snoring
noise, while no distinction is made between different degrees of airway narrow-
ing, as only events that create vibration of the airway structures are of interest.
Further, the shape of obstruction is not considered. This leads to a four-class
classification described by the labels V, O, T, and E.

Annotation

For all selected sound events, the respective video files were watched by two expe-
rienced experts. Based on the video findings, each snoring event was assigned to
one of the four classes. Segments where both experts were not in agreement as to
the correct class were excluded.

Vibration and obstruction in the upper airway is not always limited to a single
level. For this database, events were excluded if the vibration was not clearly
limited to one of the four defined levels. However, during one and the same DISE
examination session, the same subject might show vibration patterns at different
levels in different snoring events, but limited to one vibration level per event. In
this case, snoring events were included and labelled accordingly. For example,
one subject showed distinct velum-level snoring when the mandible was manu-
ally advanced by the attending surgeon during the procedure using an Esmarch-
maneuvre. Without this maneuvre, snoring originated from the epiglottis-level.
Consequently, the database contains both V -type snoring and E -type snoring
events from this very subject.

Further, only those events were included where the vibration mechanism could
be clearly seen in the DISE video recording. Samples with compromised visibility
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(for example due to saliva on the endoscope tip) were excluded, as were samples
in which the video recording showed a different level of the upper airway than
the location of excitation at the same point of time (e.g., observing the epiglottis
during a suspected velum snore) and therefore the vibration mechanism could not
be visually confirmed.

What’s more, snoring events that coincided with an obstructive event were
excluded.

For the remaining audio events, the corresponding video sections of the DISE
video were reviewed, classifying the vibration location according to the simplified
VOTE scale.

From the 331 subjects included in the annotation step, a total of 112 had to
be excluded altogether for the following reasons:

• none of the snoring events was limited to one of our four defined levels,

• disagreement on the level of vibration between the annotators for all events,

• impaired visibility of vibration level for all events,

• obstruction occurred during all snoring events.

Of the remaining 219 subjects, a maximum of six snoring events per subject
and class were included in the database. If more than six events of the same
class were available in one subject, only the first six events were used. Figure
3.9 shows a summary of the selection steps taken and the number of subjects
per centre included in the database after identification of snoring events and after
annotation.

In order to verify the reliability of annotation, a subset of videos from 40
subjects was evaluated independently by an additional annotator. The subset
included all 10 subjects that were annotated to the T class, plus 30 randomly
selected subjects. There was agreement for all subjects except for one (annotator
1: O-type snoring; annotator 2: probably O-type, but not certain). Based on this
sample of 18% of subjects from the total set, the inter-rater-reliability according
to Cohen’s Kappa is κ = 0.96. 1

Inter-observer agreement for evaluation of DISE videos was studied by Vroegop
et. al. in 2013 (175). For the level of collapse, inter-rater reliability values between
κ = 0.48 for the oropharyngeal level and κ = 0.71 for the tongue base level were
found for a group of seven experienced ENT surgeons. Although these results are
only comparable to a limited extent (Vroegop et. al. evaluated collapse instead of

1Cohen’s Kappa was calculated using ReCal2 0.1, dfreelon.org
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vibration, and they used a classification additionally comprising the hypopharynx
as a fifth level), it is safe to conclude that the inter-rater-agreement in this study
offers a very high level of confidence in the annotation. Reasons for this compar-
atively good agreement can be that all annotators are highly experienced in the
evaluation of DISE recordings, and that events with unclear level of vibration had
already been excluded in a previous step.

Munich Essen Halle Total

38 2090 46 2174

Munich Essen Halle Total

31 266 34 331

Munich Essen Halle Total

25 164 30 219

Raw material from DISE recordings

Selected Snore events

Events classified based on VOTE

Selection steps:

- Automated identification and separation of audio events

- Manual classification: snore / non-snore

- Exclusion of events disturbed by non-static noise

Selection steps:

- Manual annotation according to VOTE class

- Exclusion of events with unclear vibration source

- Exclusion of events with compromised visibility in video

Figure 3.9: Number of subjects per centre included in the database after each data
selection step

Partitioning

In order to prepare the corpus for machine learning experiments, the data was
stratified into a train, a development (devel), and a test partition. In order to
create subject disjunctive partitions, the assignment was made based on subject,
not event (i. e. all snoring events from a subject are assigned to the same parti-
tion). To obtain this, the subjects were first sorted by class. Within each class,
subjects were sorted by centre, then by gender, and then by age. Using this order,
subjects were successively, one by one, assigned to the train, development, and
test partitions. Figure 3.10 illustrates this process. A two-tailed, unpaired t-test
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confirmed no significant differences between the partitions for age, gender, centre
or class (p>0.05). Table 3.7 shows the resulting number of events per class and
partition. Since the number of snoring events per subject differs, the partitions
contain different numbers of snoring events, but equal number of subjects.

In particular, an even distribution of the data by centre reduces the risk of learn-
ing ambient acoustic characteristics instead of snoring sound properties. However,
of the T-type subjects, seven are from Essen, but only two from Munich, and one
from Halle. For this reason, the instances from this class could not be balanced
completely evenly by centre between the set splits. This should be considered
when interpreting the classification results.

Train Set

Subject 1

..
..
.

Snore Event 1

Snore Event n
1

Snore Event 2

Subject 2

..
..
.

Snore Event 1

Snore Event n
2

Snore Event 2

Subject 3

..
..
.

Snore Event 1

Snore Event n
3

Snore Event 2

Subject 4

..
..
.

Snore Event 1

Snore Event n
4

Snore Event 2

Subject 5

..
..
.

Snore Event 1

Snore Event n
5

Snore Event 2

Subject 6
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..
.

Snore Event 1

Snore Event n
6

Snore Event 2

..
..
..
..
..

Development Set Test Set

..
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..
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..
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Figure 3.10: Process of subject-disjunctive stratification
All snoring events from a subject are successively assigned to the respective train,

development or test set.
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Train Devel Test Σ

V 168 161 155 484

O 76 75 65 216

T 8 15 16 39

E 30 32 27 89

Σ 282 283 263 828

Table 3.7: Number of snoring events per class in the set splits

Database Properties

The resulting database contains audio samples of 828 snoring events from 219 sub-
jects. All samples in the database are available with a sampling rate of 16 000 Hz
and a resolution of 16 bit.

The average sample duration is 1.46 s (range 0.73 ... 2.75 s). Samples from the
T -class are significantly shorter than those from the three other classes (p<0.001,
see Figure 3.11 B). 2

Since the sample duration itself might be a descriptor for the respective class,
the differences in sample length are not a sign of inhomogeneity of the database,
but rather a noteworthy fact.

Average age of the subjects is 49.8 (range 24 ... 78) years, with no significant
difference between classes (p>0.10), see Figure 3.11 A.

Further, notably, 93.6% of all subjects are male.

Table 3.8 contains the number of subjects per class and centre, which are
included in the database. Note that the total number for all classes in Table 3.8
is 223, whereas the total number of actually included subjects is 219. Reason for
this discrepancy is that one of the subjects showed both V and E type snoring,
another subject showed both V and O type snoring, and again two other subjects
showed both V and T type snoring during the DISE investigation. Thus, these
four subjects are counted twice.

The number of events and subjects per class in the database is strongly un-
balanced, with the majority of samples belonging to the V and O class (total
84.5%), whereas T and E type snoring samples only account for 4.7%, and 10.8%,
respectively, of the total number of events. This was to be expected and is in
line with earlier findings from DISE evaluations. Hessel et. al. described in 2003
based on DISE examinations of 380 patients that single level obstructive events
at the hypopharyngeal level (thus, T, and E type according to this classification)

2All probability values calculated with two-tailed, unpaired t-test
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Figure 3.11: Subject’s metadata per class
A = age per class, (in years at the time of DISE investigation). B = sample

duration per class (in seconds per event).

Centre V O T E

Munich 14 4 2 5

Essen 100 46 7 15

Halle 19 6 1 4

Total 133 56 10 24

Table 3.8: Number of subjects per centre and class

occurred in only 2% of patients, whereas single level V and O type events occurred
in 22% of patients, thus 10 times as often (48). Other researchers come to similar
results (176).

It is important to note that certain acoustic properties of the sound samples
from the three centres are distinctly different. Firstly, the acoustic characteristics
of the room (ambient noise, room acoustics) differ between the three centres. Sec-
ondly, different types and models of microphones were used, resulting in differences
in the frequency response of the microphone itself, as well as the position and dis-
tance of the microphone relative to the snorer, which again can have a considerable
influence on the signal to noise ratio. In Munich, a headset microphone was used,
in Halle, a stand-mounted microphone was deployed. In Essen, a handheld micro-
phone, a headset microphone, and a microphone to be fixed on the forehead were
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available, and the type of microphone used for the audio recordings was chosen
according to the preference of the surgeon performing the DISE investigation.

Figure 3.12: Background noise frequency spectra for different recording settings
A = Essen, using a handheld microphone. B = Essen, using a headset

microphone. C = Halle, using a stand-mounted microphone. D = Munich, using
a headset microphone.

Figure 3.12 shows spectrograms of the background noise in different recording
settings, taken from sections of the DISE recordings in the three centres. The spec-
trograms show that the background noise characteristics are distinctly different.
To evaluate this effect, an additional machine learning experiment was performed
in the same setup as described in the following Section 3.2.2, but using the cen-
tres as classes instead of the snoring noise type. The results show that centres
can be clearly distinguished with a UAR of 88.0% (mean UAR of all partition
permutations and using the INTERSPEECH ComParE baseline feature set plus
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the formants subset), proving that the snoring sounds indeed carry centre-specific
information. In order to evaluate the impact on the performance of our classifier
setup to distinguish snoring noise, a machine learning experiment was performed
exactly as described in the following section, but using samples only from Essen,
resulting in a slightly worse performance compared to the results including all
three centres (53.4% UAR for Essen only versus 55.8% for all centres, rated by
mean UAR of all permutations and using the full ComParE feature set plus the
formants subset).

These experiments show that centre-specific acoustic properties are not nec-
essarily a weakness of the database, but can be desired for machine learning ex-
periments. Since the task is not about distinguishing between centres, and each
of the snore classes contains a balanced number of samples from all three centres,
the difference in ambient sound characteristics might actually prevent the machine
from learning these features, and to focus on the differences in actual snoring noise,
resulting in an even more robust classifier model.

Nevertheless, care should be and has been exercised to carefully balance the
number of samples from the different centres per class and per partition.

Machine Learning Experiments

Baseline experiments were performed in the framework of the Snore Sub-
Challenge in the INTERSPEECH 2017 Computational Paralinguistics ChallengE
(ComParE), yielding a UAR of 58.5% using the ComParE functionals in com-
bination with a linear support vector machine. Details can be found in section
2.2.2 and in (11).

To obtain a more detailed insight into the suitability of different acoustic fea-
tures for the task at hand, the performance of the different subsets of the Com-
ParE feature set was evaluated. A description of the subsets is given in Table 3.1
on page 57. For the sake of a convenient overview, the feature subsets, number of
low level descriptors and resulting number of features after calculating deltas and
functionals are repeated in a brief form in Table 3.9. In addition to the ComParE
features (lines 1 through 13), the frequency and bandwidth of the formants F1,
F2, and F3 were extracted for the following experiments (lines 14 through 19).

The feature sets were extracted by the openSMILE feature extraction and
audio analysis tool. All experiments were conducted using the LIBLINEAR
SVM toolbox. As solver type, a linear kernel (L2-regularised L2-loss support
vector classification, dual) was chosen with a bias of 1.

Figures 3.13 and 3.14 show the principle of the machine learning setup used
for the training and the test phase.

78



3.2 The MPSSC Database

Line Feature type #LLDs #Features Description

1 audspec 1 100 Sum of audSpec

2 audspecRasta 1 100 audspec incl. RASTA

3 pcm RMSenergy 1 100 RMS energy

4 pcm zcr 1 100 Zero crossing rate

5 audSpec 26 2600 Mel frequency PLP

cepstral coefficients

6 pcm fftMag 15 1500 Fast fourier transform

magnitudes

7 mfcc 14 1400 Mel frequency cepstral

coefficients

8 F0final 1 83 Fundamental frequency

9 voicingFinalUncl. 1 78 Voicing probability

10 jitterLocal 1 78 Period length differences

11 jitterDDP 1 78 Difference of difference

of period lengths

12 shimmerLocal 1 78 Amplitude variations

13 logHNR 1 78 Log. HNR ratio

14 F1frequency 1 78 First formant frequency

15 F1bandwidth 1 78 First formant bandwidth

16 F2frequency 1 78 Second formant frequency

17 F2bandwidth 1 78 Second formant bandwidth

18 F3frequency 1 78 Third formant frequency

19 F3bandwidth 1 78 Third formant bandwidth

20 F1-F3 6 468 Frequency and bandwidth

of F1-F3

21 ALL wo. F1-F3 65 6373 Features Line 1 through 13

22 ALL 71 6841 Features Line 1 through 19

Table 3.9: Feature subsets
#LLDs = Number of low-level descriptors; #Features = Number of features

including functionals and deltas.

For all experiments, the complexity parameter of the SVM was optimised on
the development set in the range of 2−30, 2−29, . . . , 20. The complexity providing
the maximum UAR was selected and divided by 2 for the training of the final
model, fusing train and dev set. As both sets have approximately the same size,
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Figure 3.13: Structure of the machine learning system used (training phase).

V O T E

Audio Signal
Recognised

Class
Feature Extractor

openSMILE Model

Figure 3.14: Structure of the machine learning system used (test phase).

this bisection of the complexity parameter has proven to be most suitable. All
features were standardised to zero mean and unit standard deviation using an on-
line approach. This means that the parameters mean and standard deviation were
derived from the train set (or the fusion of train and dev set, respectively) only
and then applied to the dev set (the test set, respectively). No resampling of the
data was done in any of the experiments.

In order to average out potential differences in the characteristics of train,
development, and test partition, the experiments were carried out six times in all
possible permutations of the three partitions. In other words, the three partitions
were swapped as follows.

1st permutation: partition 1 = train; partition 2 = devel; partition 3 = test
2nd permutation: partition 1 = train; partition 3 = devel; partition 2 = test
3rd permutation: partition 2 = train; partition 1 = devel; partition 3 = test
4th permutation: partition 2 = train; partition 3 = devel; partition 1 = test
5th permutation: partition 3 = train; partition 1 = devel; partition 2 = test
6th permutation: partition 3 = train; partition 2 = devel; partition 1 = test
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Line Feature type f/d #LLDs #Features mn. UAR Range

1 mfcc f+d 28 1400 49.9 % 7.0 %

2 mfcc only f 14 756 52.9 % 10.6 %

3 mfcc only d 14 644 33.4 % 11.4 %

4 F1-F3 f+d 12 468 30.6 % 8.8 %

5 F1-F3 only f 6 234 30.5 % 8.0 %

6 F1-F3 only d 6 234 29.7 % 8.0 %

7 ALL w/o F1-F3 f+d 130 6373 55.4 % 12.5 %

8 ALL w/o F1-F3 only f 65 3425 54.7 % 10.5 %

9 ALL w/o F1-F3 only d 65 2948 47.1 % 9.5 %

10 ALL f+d 142 6841 55.8 % 7.1 %

11 ALL only f 71 3659 54.7 % 10.1 %

12 ALL only d 71 3182 48.0 % 4.7 %

Table 3.10: Classification results
mn. UAR = unweighted average recall, mean performance of all partition

permutations; Range = Range of results between partition permutations; f/d =
functionals (f) and/or deltas (d) used; LLDs = Number of low-level descriptors;

Features = Number of features including functionals and deltas.

3.2.3 Results

Classification results are shown in Table 3.10 for the best-performing feature sets
together with the corresponding number of LLDs and the final number of features
after computing the functionals. The mean unweighted average recall (UAR) over
all permutations of the partitions as well as the range of UAR results between the
permutations are listed. ALL w/o F1-F3 with coefficients and deltas (line 7 in
Table 3.10) is the full ComParE feature set. ALL shows the results when applying
the ComParE feature set plus F1-F3. For comparison, the F1-F3 subset is also
listed.

Detailed results can be found in Tables 3.13, 3.14, and 3.15. In particular,
Table 3.13 lists the number of LLDs and the number of overall features for each of
the feature subsets. Table 3.14 contains the obtained UAR for all feature subsets
and all permutations of the train, development, and test partition. Best results
for each permutation and mean performance are highlighted. Table 3.15 shows the
class-specific recall of all feature subsets for the mean of all permutations of the
train, development, and test partition.

81



Own Contributions

Rated by UAR, the best classification performance could be achieved with the
full feature set consisting of the ComParE features plus the formant set F1-F3
including functionals and deltas. Best performing single subset is mfcc only coef,
consisting of MFCC-related LLDs, using functionals, but not deltas. Using only
formant-related features (F1-F3 ) yielded inferior classification results. Removing
the formants subset from the full feature set results in only a minor deterioration
of 0.4% UAR, suggesting that formant frequencies and bandwidths do not provide
meaningful additional information in these experiments.

It is remarkable that the results differ considerably between the permutations.
Range of performance between the best and the worst performing permutation is
up to 12.5% for the ComParE feature set, and still 7.1% for the full feature set.
A comparison of the confusion matrices reveals that the largest differences occur
in the two small classes T and E, with a range of 18%, and 28% in class-specific
recall, respectively, between the permutations. Performance differences for the
large classes V and O are smaller by comparison. Table 3.12 shows confusion
matrices for all permutations, and Table 3.11 summarises mean and range of all
permutations of the class-specific recalls. All results are for the best-performing
ALL feature set with functionals and deltas (line 10 in Table 3.10.

Class Mean Min Max Range

V 66.6 % 59.4 % 73.9 % 14.6 %

O 62.1 % 56.6 % 67.7 % 11.1 %

T 24.4 % 13.3 % 31.3 % 17.9 %

E 70.3 % 53.1 % 81.5 % 28.4 %

Table 3.11: Mean, minimum, maximum, and range of class specific recall of all
partition permutations.

It can be suspected that these discrepancies are a result of chance, since the
number of subjects in both classes is fairly small for a machine learning task. It
is well possible that it requires a larger number of samples for a machine classifier
to deduct the characteristic acoustic features of T and E snoring, which can be
subject of future experiments based on larger datasets.

Applying the weighted average recall as a performance measure overweights the
contribution of the larger classes V and O, thereby reducing the influence of the
questioned small classes. With a WAR of 65.4%, the combination of all employed
features (ALL) with functionals but without deltas shows the best results over all
permutations.
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Tr+De>Te pred -> V O T E Recall
V 92 37 8 18 59.4 %
O 13 44 2 7 67.7 %
T 0 7 4 5 25.0 %
E 0 4 1 22 81.5 %

De+Tr>Te pred -> V O T E Recall
V 94 33 9 19 60.6 %
O 15 39 4 7 60.0 %
T 0 6 5 5 31.3 %
E 0 3 2 22 81.5 %

Tr+Te>De pred -> V O T E Recall
V 119 32 2 8 73.9 %
O 17 49 0 9 65.3 %
T 0 12 2 1 13.3 %
E 10 4 1 17 53.1 %

Te+Tr>De pred -> V O T E Recall
V 118 33 1 9 73.3 %
O 15 49 3 8 65.3 %
T 0 10 4 1 26.7 %
E 7 3 0 22 68.8 %

De+Te>Tr pred -> V O T E Recall
V 107 30 12 19 63.7 %
O 20 43 6 7 56.6 %
T 2 2 2 2 25.0 %
E 1 5 4 20 66.7 %

Te+De>Tr pred -> V O T E Recall
V 115 29 13 11 68.5 %
O 18 44 6 8 57.9 %
T 2 2 2 2 25.0 %
E 2 5 2 21 70.0 %

Table 3.12: Confusion matrices (all permutations), best-performing feature set
Tr = train partition; De = development partition; Te = test partition.
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3.2.4 Discussion

Marked differences in classification performance can be found between the per-
mutations of train, development, and test partition, mainly caused by the classes
T and E. Due to the low number of subjects in these classes, misclassification of
only few events can result in a considerable performance difference measured by
unweighted average recall (UAR). Still, UAR should be the ultimate measure for
performance in this task, as the WAR underrates the performance in the small
classes. No matter how small, each of the four classes have equal importance, as
a therapy decision for T or E type snorers is distinctively different than for V or
O type snoring, which occurs much more frequently. More stable results could be
expected with data from a higher number of subjects in the smaller classes.

Snoring and speech have a lot of acoustic similarities: both are generated in the
upper airway through vibrations caused by airflow, acoustically shaped by the fre-
quency transfer function of the upper airway and emitted through mouth and nose.
The position of the tongue is of significance for shaping the different phonemes in
speech and in the generation of different types of snoring, thus shaping the result-
ing sound in a characteristic way. Acoustic descriptors that have proven effective in
speech-related machine learning tasks can therefore be expected to be well suited
also for the classification of snoring noise. The findings from these experiments
as well as the results from the ComParE Snore Sub-Challenge contributions un-
derpin this assumption. The presented acoustic tube model of the upper airways
(132) has yielded results that are consistent with the underlying anatomy it aims
to resemble. MFCC-based features haven proven most successful in classification
performance in (130), and those models using feature sets based on MFCCs and
PLP cepstrum showed the best results of the challenge (133; 134). This is con-
firmed when investigating the performance of the INTERSPEECH ComParE
feature subsets: the MFCC subset has shown a superior classification performance
compared to all other single subsets. Hence, the descriptors that prove sensitive in
the classification task at hand are those representing the spectral properties of the
signal, which can be seen as a confirmation for the hypothesis that the upper air-
way transfer function is characteristic for different excitation locations of snoring
sounds.

Formant characteristics have been investigated for their suitability to describe
snoring sounds in earlier works. Peng et. al. have found a statistically significant
difference in frequency of F2 between snoring generated by the velum versus the
lateral pharyngeal walls (177). Koo et. al. looked at obstruction levels in OSA
patients and found significantly higher frequencies for F1 and F2 in snorers with
retrolingual obstruction compared to those with retropalatal obstruction (178). In
the experiments described in this chapter, MFCCs have clearly outperformed the
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subset that is based on formant characteristics alone, suggesting that formants
are indeed descriptive for the excitation location of snoring sounds, but inferior to
MFCCs.

There are also a number of differences between speech and snoring. In speech
generation, except for plosive and fricative consonants, the sound is excited in a
fixed location, the voice box in the glottis. Vowels are formed by the position
of tongue, palate, mandible and lips, altering the cross-sectional profile of the
upper airway. At the same time, the total length of the acoustically effective
tubes change only marginally. Snoring, in contrast, can be generated in different
locations within the UA, resulting in a variable length of the acoustically effective
system for spectral shaping.

While the glottis wave in speech can be altered in pitch and loudness, in healthy
speakers it has a characteristic shape. Also, the fundamental frequency range is
defined for different speakers (male female, children), the melody of speech (so-
called pitch) is mainly characterised by the prosodic content (speech melody).
The excitation waveform of snoring sounds, in contrast, can vary widely, and
the fundamental frequency can range from as low as 10 Hz to more than 500 Hz.
Also the pitch of a snoring event can vary in a lot of forms. Novel descriptors
derived from those used in speech classification tasks might help to further improve
classification outcomes in future snoring sound classification experiments.
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Line Feature type Delta #LLDs #Feat

1 audspec coef+delta 2 100
2 audspecRasta coef+delta 2 100
3 pcm RMSenergy coef+delta 2 100
4 pcm zcr coef+delta 2 100
5 audSpec coef+delta 52 2600
6 pcm fftMag coef+delta 30 1500
7 mfcc coef+delta 28 1400
8 F0final coef+delta 2 83
9 voicingFinalUnclipped coef+delta 2 78

10 jitterLocal coef+delta 2 78
11 jitterDDP coef+delta 2 78
12 shimmerLocal coef+delta 2 78
13 logHNR coef+delta 2 78
14 F1frequency coef+delta 2 78
15 F1bandwidth coef+delta 2 78
16 F2frequency coef+delta 2 78
17 F2bandwidth coef+delta 2 78
18 F3frequency coef+delta 2 78
19 F3bandwidth coef+delta 2 78
20 audspec only coef 1 54
21 audspecRasta only coef 1 54
22 pcm RMSenergy only coef 1 54
23 pcm zcr only coef 1 54
24 audSpec only coef 26 1404
25 pcm fftMag only coef 15 810
26 mfcc only coef 14 756
27 F0final only coef 1 44
28 voicingFinalUnclipped only coef 1 39
29 jitterLocal only coef 1 39
30 jitterDDP only coef 1 39
31 shimmerLocal only coef 1 39
32 logHNR only coef 1 39
33 F1frequency only coef 1 39
34 F1bandwidth only coef 1 39
35 F2frequency only coef 1 39
36 F2bandwidth only coef 1 39
37 F3frequency only coef 1 39
38 F3bandwidth only coef 1 39
39 audspec only delta 1 46
40 audspecRasta only delta 1 46
41 pcm RMSenergy only delta 1 46
42 pcm zcr only delta 1 46
43 audSpec only delta 26 1196
44 pcm fftMag only delta 15 690
45 mfcc only delta 14 644
46 F0final only delta 1 39
47 voicingFinalUnclipped only delta 1 39
48 jitterLocal only delta 1 39
49 jitterDDP only delta 1 39
50 shimmerLocal only delta 1 39
51 logHNR only delta 1 39
52 F1frequency only delta 1 39
53 F1bandwidth only delta 1 39
54 F2frequency only delta 1 39
55 F2bandwidth only delta 1 39
56 F3frequency only delta 1 39
57 F3bandwidth only delta 1 39
58 F1-F3 only coef+delta 12 468
59 F1-F3 only only coef 6 234
60 F1-F3 only only delta 6 234
61 ALL (wo. F1-F3) coef+delta 130 6373
62 ALL (wo. F1-F3) only coef 65 3425
63 ALL (wo. F1-F3) only delta 65 2948
64 ALL coef+delta 142 6841
65 ALL only coef 71 3659
66 ALL only delta 71 3182

Table 3.13: Feature subsets and number of features
Delta = functionals (coef) and/or deltas used; #LLDs = Number of low-level descriptors; #Feat = Number of

features including functionals and deltas.
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Line Feature type Delta Tr+De De+Tr Tr+Te Te+Tr De+Te Te+De Mean Range
->Te ->Te ->De ->De ->Tr ->Tr

1 audspec coef+delta 34.8% 36.2% 39.1% 37.4% 37.8% 38.3% 37.2% 4.3%
2 audspecRasta coef+delta 28.5% 29.0% 28.8% 32.7% 37.0% 37.1% 32.2% 8.6%
3 pcm RMSenergy coef+delta 29.0% 27.9% 32.2% 31.9% 31.5% 35.3% 31.3% 7.3%
4 pcm zcr coef+delta 33.1% 29.2% 29.1% 33.2% 29.5% 21.4% 29.2% 11.8%
5 audSpec coef+delta 53.8% 54.4% 48.9% 48.9% 48.4% 53.4% 51.3% 6.1%
6 pcm fftMag coef+delta 43.9% 44.8% 31.8% 44.7% 35.5% 32.8% 38.9% 13.1%
7 mfcc coef+delta 53.2% 49.3% 47.8% 49.1% 53.6% 46.6% 49.9% 7.0%
8 F0final coef+delta 32.8% 28.8% 32.8% 32.5% 30.7% 31.9% 31.6% 4.0%
9 voicingFinalUncl. coef+delta 30.0% 31.4% 29.5% 28.7% 30.7% 30.7% 30.2% 2.7%

10 jitterLocal coef+delta 32.4% 28.3% 30.9% 30.9% 31.9% 27.4% 30.3% 5.0%
11 jitterDDP coef+delta 30.1% 30.0% 31.5% 31.0% 27.4% 27.0% 29.5% 4.5%
12 shimmerLocal coef+delta 31.3% 30.1% 31.2% 24.7% 23.6% 23.3% 27.4% 8.0%
13 logHNR coef+delta 32.0% 28.8% 35.9% 30.8% 26.7% 28.9% 30.5% 9.3%
14 F1frequency coef+delta 31.8% 29.8% 28.5% 29.2% 25.7% 26.3% 28.5% 6.1%
15 F1bandwidth coef+delta 32.4% 26.3% 27.9% 33.7% 26.0% 26.3% 28.8% 7.7%
16 F2frequency coef+delta 31.3% 31.3% 30.4% 30.7% 27.1% 26.5% 29.5% 4.8%
17 F2bandwidth coef+delta 33.1% 32.7% 32.2% 32.1% 26.7% 26.9% 30.6% 6.4%
18 F3frequency coef+delta 31.2% 32.3% 27.5% 29.0% 25.8% 26.9% 28.8% 6.5%
19 F3bandwidth coef+delta 31.6% 31.6% 32.1% 28.2% 24.6% 24.6% 28.8% 7.5%
20 audspec only coef 31.5% 31.5% 30.1% 32.2% 36.4% 38.0% 33.3% 7.8%
21 audspecRasta only coef 25.8% 28.5% 29.3% 29.4% 35.7% 35.6% 30.7% 9.9%
22 pcm RMSenergy only coef 28.9% 28.9% 30.0% 30.5% 31.4% 31.4% 30.2% 2.5%
23 pcm zcr only coef 30.1% 28.4% 26.2% 29.3% 23.2% 26.0% 27.2% 6.9%
24 audSpec only coef 50.7% 51.7% 48.8% 47.9% 46.9% 46.9% 48.8% 4.8%
25 pcm fftMag only coef 42.9% 47.7% 37.5% 42.5% 41.1% 40.6% 42.1% 10.2%
26 mfcc only coef 53.1% 53.3% 53.5% 57.7% 52.5% 47.2% 52.9% 10.6%
27 F0final only coef 31.9% 28.4% 32.3% 29.2% 29.7% 30.0% 30.3% 3.9%
28 voicingFinalUncl. only coef 33.2% 33.2% 31.9% 29.1% 31.9% 31.9% 31.9% 4.1%
29 jitterLocal only coef 31.2% 28.8% 29.7% 30.5% 30.2% 29.2% 29.9% 2.4%
30 jitterDDP only coef 30.4% 31.4% 31.0% 29.5% 26.1% 29.5% 29.7% 5.3%
31 shimmerLocal only coef 31.7% 27.9% 30.8% 26.9% 24.1% 25.5% 27.8% 7.6%
32 logHNR only coef 30.1% 30.5% 32.3% 30.9% 26.9% 29.2% 30.0% 5.4%
33 F1frequency only coef 31.9% 36.5% 28.9% 33.9% 26.1% 28.3% 31.0% 10.4%
34 F1bandwidth only coef 32.3% 29.4% 32.4% 33.2% 26.7% 26.7% 30.1% 6.5%
35 F2frequency only coef 32.3% 26.3% 28.9% 29.9% 27.7% 26.7% 28.6% 6.0%
36 F2bandwidth only coef 32.3% 31.4% 32.3% 32.3% 26.7% 26.7% 30.3% 5.7%
37 F3frequency only coef 32.3% 32.0% 34.6% 28.1% 25.9% 26.7% 29.9% 8.7%
38 F3bandwidth only coef 32.3% 30.5% 33.2% 33.2% 26.7% 24.4% 30.1% 8.8%
39 audspec only delta 30.9% 31.5% 32.2% 28.8% 31.4% 32.2% 31.2% 3.4%
40 audspecRasta only delta 30.3% 29.7% 27.1% 27.4% 30.4% 30.7% 29.3% 3.6%
41 pcm RMSenergy only delta 27.0% 30.0% 33.0% 31.9% 31.8% 32.7% 31.1% 6.0%
42 pcm zcr only delta 30.6% 28.6% 27.4% 25.4% 25.7% 26.4% 27.4% 5.3%
43 audSpec only delta 37.5% 42.8% 37.7% 43.5% 44.8% 45.6% 42.0% 8.1%
44 pcm fftMag only delta 40.2% 44.4% 35.8% 40.3% 37.7% 35.6% 39.0% 8.8%
45 mfcc only delta 33.3% 28.2% 39.6% 32.3% 32.8% 34.0% 33.4% 11.4%
46 F0final only delta 32.9% 29.7% 30.7% 29.3% 29.8% 29.5% 30.3% 3.6%
47 voicingFinalUncl. only delta 24.9% 24.3% 25.1% 26.1% 24.0% 24.4% 24.8% 2.1%
48 jitterLocal only delta 31.9% 30.3% 31.2% 31.2% 28.4% 26.5% 29.9% 5.4%
49 jitterDDP only delta 29.6% 29.9% 29.8% 32.2% 28.3% 28.2% 29.7% 4.1%
50 shimmerLocal only delta 28.2% 27.3% 31.2% 31.2% 23.4% 24.7% 27.7% 7.8%
51 logHNR only delta 32.7% 26.0% 32.3% 25.8% 24.5% 24.0% 27.6% 8.8%
52 F1frequency only delta 31.8% 28.1% 33.8% 26.4% 27.5% 26.5% 29.0% 7.4%
53 F1bandwidth only delta 30.4% 29.8% 33.2% 28.8% 26.7% 27.9% 29.5% 6.4%
54 F2frequency only delta 30.8% 30.0% 31.8% 27.3% 26.3% 26.6% 28.8% 5.5%
55 F2bandwidth only delta 32.6% 32.6% 33.0% 28.9% 25.6% 27.5% 30.0% 7.4%
56 F3frequency only delta 31.4% 31.4% 27.5% 27.7% 26.9% 27.4% 28.7% 4.5%
57 F3bandwidth only delta 30.4% 31.6% 32.8% 31.2% 26.9% 24.9% 29.6% 7.9%
58 F1-F3 only coef+delta 30.4% 32.5% 32.5% 34.2% 25.4% 28.4% 30.6% 8.8%
59 F1-F3 only only coef 32.3% 32.5% 29.4% 34.7% 27.6% 26.7% 30.5% 8.0%
60 F1-F3 only only delta 31.1% 33.1% 30.5% 30.3% 28.2% 25.1% 29.7% 8.0%
61 ALL (wo. F1-F3) coef+delta 61.3% 58.1% 53.3% 56.5% 48.8% 54.6% 55.4% 12.5%
62 ALL (wo. F1-F3) only coef 58.7% 59.4% 54.4% 52.9% 53.9% 48.9% 54.7% 10.5%
63 ALL (wo. F1-F3) only delta 45.2% 48.3% 48.6% 48.1% 41.6% 51.1% 47.1% 9.5%
64 ALL coef+delta 58.4% 58.3% 51.4% 58.5% 53.0% 55.3% 55.8% 7.1%
65 ALL only coef 59.0% 58.6% 54.9% 54.4% 52.6% 48.8% 54.7% 10.1%
66 ALL only delta 45.1% 45.1% 48.1% 49.8% 49.7% 49.8% 48.0% 4.7%

Table 3.14: Classification results - performance of feature subsets and
permutations

Obtained UAR for all feature subsets and all permutations of Train, Development, and Test partition. Delta =
functionals (coef) and/or deltas used; Tr = train partition; De = development partition; Te = test partition; Mean

= mean performance of all permutations.
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Line Feature type Delta V O T E

1 audspec coef+delta 74.5% 55.1% 1.0% 18.4%
2 audspecRasta coef+delta 74.7% 35.1% 1.0% 17.9%
3 pcm RMSenergy coef+delta 77.4% 40.0% 2.1% 5.7%
4 pcm zcr coef+delta 68.4% 21.4% 5.6% 21.6%
5 audSpec coef+delta 56.7% 57.3% 14.9% 76.4%
6 pcm fftMag coef+delta 63.8% 47.5% 12.6% 31.8%
7 mfcc coef+delta 67.6% 56.7% 13.8% 61.7%
8 F0final coef+delta 74.0% 44.9% 7.5% 0.0%
9 voicingFinalUnclipped coef+delta 77.5% 42.5% 0.0% 0.6%

10 jitterLocal coef+delta 66.2% 50.8% 3.1% 1.1%
11 jitterDDP coef+delta 77.1% 39.3% 0.0% 1.6%
12 shimmerLocal coef+delta 66.3% 41.6% 1.0% 0.5%
13 logHNR coef+delta 77.2% 37.3% 7.6% 0.0%
14 F1frequency coef+delta 73.8% 32.2% 0.0% 8.2%
15 F1bandwidth coef+delta 60.8% 51.6% 1.0% 1.6%
16 F2frequency coef+delta 64.2% 48.7% 0.0% 5.3%
17 F2bandwidth coef+delta 74.1% 40.9% 4.3% 3.1%
18 F3frequency coef+delta 65.5% 46.3% 0.0% 3.3%
19 F3bandwidth coef+delta 64.4% 50.2% 0.0% 0.6%
20 audspec only coef 75.9% 50.7% 2.1% 4.5%
21 audspecRasta only coef 75.3% 32.3% 0.0% 15.3%
22 pcm RMSenergy only coef 82.0% 33.0% 2.1% 3.7%
23 pcm zcr only coef 75.9% 13.4% 10.7% 8.8%
24 audSpec only coef 56.2% 47.5% 13.9% 77.7%
25 pcm fftMag only coef 68.0% 50.1% 21.0% 29.0%
26 mfcc only coef 68.3% 56.6% 16.1% 70.6%
27 F0final only coef 77.2% 43.9% 0.0% 0.0%
28 voicingFinalUnclipped only coef 85.3% 40.1% 2.1% 0.0%
29 jitterLocal only coef 68.9% 47.2% 2.1% 1.6%
30 jitterDDP only coef 78.9% 38.6% 0.0% 1.1%
31 shimmerLocal only coef 67.4% 43.9% 0.0% 0.0%
32 logHNR only coef 71.9% 46.9% 1.1% 0.0%
33 F1frequency only coef 69.8% 41.0% 1.0% 12.0%
34 F1bandwidth only coef 55.6% 64.3% 0.0% 0.5%
35 F2frequency only coef 70.2% 38.4% 0.0% 6.0%
36 F2bandwidth only coef 54.2% 66.9% 0.0% 0.0%
37 F3frequency only coef 69.1% 45.5% 0.0% 5.1%
38 F3bandwidth only coef 56.5% 62.7% 0.0% 1.0%
39 audspec only delta 77.6% 41.8% 0.0% 5.2%
40 audspecRasta only delta 82.9% 31.3% 1.0% 1.9%
41 pcm RMSenergy only delta 85.2% 35.9% 0.0% 3.3%
42 pcm zcr only delta 79.3% 10.1% 0.0% 20.0%
43 audSpec only delta 60.7% 48.9% 7.4% 51.1%
44 pcm fftMag only delta 64.7% 43.7% 15.6% 31.9%
45 mfcc only delta 59.5% 48.6% 15.8% 9.5%
46 F0final only delta 71.3% 41.5% 8.5% 0.0%
47 voicingFinalUnclipped only delta 84.6% 13.5% 0.0% 1.1%
48 jitterLocal only delta 69.7% 47.3% 2.1% 0.6%
49 jitterDDP only delta 78.9% 38.1% 0.0% 1.8%
50 shimmerLocal only delta 67.9% 42.8% 0.0% 0.0%
51 logHNR only delta 66.9% 42.3% 1.0% 0.0%
52 F1frequency only delta 71.2% 44.8% 0.0% 0.0%
53 F1bandwidth only delta 64.2% 52.6% 0.0% 1.1%
54 F2frequency only delta 71.6% 43.6% 0.0% 0.0%
55 F2bandwidth only delta 66.8% 50.8% 2.1% 0.5%
56 F3frequency only delta 69.4% 45.0% 0.0% 0.5%
57 F3bandwidth only delta 59.4% 57.5% 0.0% 1.6%
58 F1-F3 only coef+delta 67.6% 43.4% 1.0% 10.3%
59 F1-F3 only only coef 67.9% 43.5% 0.0% 10.6%
60 F1-F3 only only delta 68.1% 47.5% 1.0% 2.2%
61 ALL (wo. F1-F3) = ComParE coef+delta 67.0% 59.0% 26.6% 69.2%
62 ALL (wo. F1-F3) only coef 69.5% 60.5% 16.9% 71.9%
63 ALL (wo. F1-F3) only delta 64.6% 56.5% 19.0% 48.5%
64 ALL coef+delta 66.6% 62.1% 24.4% 70.3%
65 ALL only coef 69.7% 61.8% 14.9% 72.4%
66 ALL only delta 65.3% 56.5% 22.2% 47.8%

Table 3.15: Classification results - performance of feature subsets per class
Per-class recall for all feature subsets (mean of all permutations). Delta = functionals (coef) and/or deltas used.
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3.3 Comparison of Two Snoring Noise Classifi-

cations

3.3.1 Introduction

The simplified VOTE classification as introduced in Section 3.2 has limitations for
certain therapy decisions. While it allows the detection of the level of vibration, it
does not reveal any information as towards the vibratory pattern or orientation,
which is an information that is routinely included in the original VOTE classifica-
tion and often used for therapy decision making. On the other hand, the higher
the number of classes a machine learning system should differentiate, the larger
the required size of the training data set to achieve an acceptable level of classi-
fication performance. In other words, the expected recognition performance of a
machine classifier with a given size of the training data set is the higher the fewer
classes have to be distinguished. It is therefore desired to reduce the theoretically
possible number of the twelve classes in the original VOTE scheme as much as
possible whilst still providing a meaningful support in the choice of therapeutic
measures.

In this section, an alternative classification scheme to the simplified VOTE
classification is introduced, and its performance with the simplified VOTE scheme
is compared.

3.3.2 Material and Methods

The ACLTE Classification Scheme

Figure 3.16 shows all twelve theoretically possible combinations of vibration loca-
tion and pattern according to the VOTE classification. By definition, a snoring
event is based on soft tissue vibration, therefore, the severity of obstruction as
defined in the VOTE classification is not considered here. For the sake of compar-
ison, Figure 3.17 depicts the classes of the simplified VOTE scheme, in which only
the vibration plane is considered.

The alternative scheme introduced here, in the following referred to as ACLTE,
allows the distinction of selected combinations of vibratory level and pattern, as
shown in Figure 3.18. It comprises five classes which are defined in the following.
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Figure 3.15: Vibration levels and orientations, ACLTE and simplified VOTE
scheme, sagittal section through the head.

The simplified VOTE scheme (right drawing) considers only the vibration plane,
the classes correspond exactly to the levels described in the original VOTE

classification. The ACLTE scheme (left drawing) distinguishes different
combinations of vibration location and orientation.

• A, anterior-posterior vibration of the soft palate and/or uvula,

• C, concentric vibration at the level of the soft palate, the uvula or in the
area of the oropharynx,

• L, lateral vibrations at the level of the oropharynx,

• T, vibration at the level of the tongue base,

• E, vibration in the area of the epiglottis.

For classes T and E, the orientation of the vibration is not taken into account.

Figure 3.15 shows the corresponding anatomical regions in the upper airways in
direct comparison to the simplified VOTE scheme using a schematic representation
of a sagittal section through the head.

The ACLTE scheme reflects certain diagnostic requirements for snoring and
OSA therapy planning. An anterior-posterior vibration at soft palate level can be
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treated with comparably high chances of success with uvulectomy or minimally-
invasive methods for the stiffening of the soft palate. A lateral vibration at oropha-
ryngeal level is a frequent indication for tonsillotomy or tonsillectomy. In contrast,
the chances of a successful surgical treatment of concentric vibration or occlusion
patterns at these levels is comparatively low, it is even a contraindication for hy-
poglossal nerve stimulation (179). In these cases it might be recommended to
revert to weight loss in snoring or continuous positive airway pressure therapy in
OSA. In the hypopharyngeal area (tongue base and epiglottis level), the vibratory
pattern is less important for therapy planning.

Snoring Databases

For the creation of the ACLTE snoring database, the source material from the
MPSSC corpus was partly reused. Moreover, new material from the Alfried Krupp
Hospital was included and further recordings from an additional centre were added.
In summary, the ACLTE-corpus is created from audio and video recordings of DISE
examinations carried out between 2006 and 2016 at the ENT clinics of four clinical
centres:

• Klinikum rechts der Isar, Munich, Germany

• Alfried Krupp Hospital, Essen, Germany

• University Hospital Halle/Saale, Halle/Saale, Germany

• Hospital Dr Peset, Valencia, Spain

The recording equipment and setup in the three centres in Munich, Essen, and
Halle is described in Table 3.6 in Section 3.2.2. In Valencia, an AverMedia C285
Capture Box (AverMedia, Taiwan) was used for recording in combination with
the lavalier microphone provided with the system, mounted at collarbone height,
recording distance approx. 20 cm from the patient’s mouth.

In total, DISE recordings of over 2500 patients were analysed for the ACLTE
database.

For pre-processing, pre-selection and annotation of the additional raw data,
the same procedure was followed as described in Section 3.2.2: snoring events were
identified in the audio tracks using a semi-automatic procedure, then amplitude-
normalised, stored in separate audio files and the times of occurrence in the video
were noted. Snoring events containing non-static background noise and distorted
audio signals were discarded. Annotation was carried out by two experienced and
blinded examiners based on the video findings.
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Figure 3.16: Vibration levels and patterns according to the original VOTE
classification.
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Figure 3.17: Defined classes according to the simplified VOTE classification.
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Figure 3.18: Defined classes according to the ACLTE classification.
Combinations of level and pattern which are anatomically not possible are

depicted in grey colour.
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Those events labelled V and O from the MPSSC database were re-evaluated
according to the new ACLTE scheme and newly assigned to one of the classes
A, C, or L. Only events in which the new class was unequivocally recognised by
both examiners were included in the ACLTE database, or otherwise discarded.
The events labelled T and E from the MPSSC database were re-evaluated, the
classification was confirmed in all cases.

Annotation according to the two classification schemes was performed at sep-
arate times. The simplified VOTE annotation was performed between 2015 and
2017, the ACLTE annotation between 2017 and 2018.

For an easier comparison, the size and properties of both databases are sum-
marised in Table 3.16.

For the sake of comparability to the results described in Chapter 3.2, feature
extraction and partitioning was carried out following the same method and tools
as for the MPSSC database.

3.3.3 Results

As in the previous experiments, the unweighted average recall (UAR) was used
as a measure of recognition accuracy, defined as the average share of correctly
assigned events over all classes.

Overall, the five-class model of the ACLTE scheme achieves a slightly lower
UAR than the four-class model of the simplified VOTE scheme (49.1% versus
55.4%). This is plausible due to the higher number of classes. Overall, however,
the results show a similar performance.

Figure 3.19 shows the class-specific recall for both databases. It is noteworthy
that in both schemes, the snoring noises occurring at epiglottis level are the ones
which are best differentiated. Furthermore, a good recognition rate of the velar
snoring sounds is noticeable. The V-class of the simplified VOTE scheme contains
both circular and anterior-posterior vibration patterns at the velum level, so that
it can be concluded from the results that especially vibrations in the anterior-
posterior direction can be differentiated well. In both schemes, the confusion is
highest for snoring at tongue base level. In the simplified VOTE scheme, it is
approximately at a random level.

Tables 3.20 and 3.21 show the confusion matrices of both schemes. The diag-
onal fields contain the correctly recognised percentage for the respective class and
thus the class-specific recall. Confusion values >=20% are marked.

In the simplified VOTE scheme velar and oropharyngeal snoring events are
most frequently confused, while tongue-type snoring is particularly often mis-
recognised as oropharyngeal snoring, but also as epiglottis snoring. The ACLTE
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ACLTE Number Share

Total number of subjects 343 100%
male 306 89%
female 37 11%
Age (years) 48.6 (Range 20-74)
Data origin (number of subjects) Number Share
Essen 278 81%
Munich 24 7%
Halle 22 6%
Valencia 19 6%
Snoring events Number Share
Total 1115 100%
A 521 47%
C 172 15%
L 263 24%
T 37 3%
E 122 11%
Events per partition Number Share
training 373 33.5%
development 369 33.1%
test 373 33.5%

simpified VOTE Number Share

Total number of subjects 219 100%
male 205 94%
female 14 6%
Age (years) 49.8 (Range 24-78)
Data origin (number of subjects) Number Share
Essen 164 75%
Munich 25 11%
Halle 30 14%
Snoring events Number Share
Total 828 100%
V 484 58%
O 216 26%
T 39 5%
E 89 11%
Events per partition Number Share
training 282 34.1%
development 283 34.2%
test 263 31.8%

Table 3.16: Size and properties of the MPSSC database and the ACLTE database
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Figure 3.19: Class-specific recall of the ACLTE versus the simplified VOTE
classification, averaged over all permutations

scheme shows a markable confusion of circular and lateral vibrations at the velum
and oropharyngeal level. In addition, circular vibration patterns are frequently
misidentified as anterior-posterior velum snoring. Also in this scheme, tongue
snoring is confused with (lateral) oropharyngeal snoring and epiglottis snoring.

3.3.4 Discussion

Machine classifiers are ‘data hungry’. The larger the available training data sets,
the better the generalisation of the patterns present in the data, and consequently,
the more accurate the potential classification results. On the other hand, the
amount of available training data for this very specific application is limited. Audio
and video recordings of DISE studies are only available in limited amounts. The
effort for data selection and annotation is considerably high, requiring manual work
carried out by ENT experts that cannot be automated. In order to achieve the
best possible results despite the limited amount of data, two classification schemes
were compared which encode relevant anatomical information in as few different
classes as possible.

In addition to the level within the upper respiratory tract at which snoring
noise is produced, the orientation of vibration also contains important informa-
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tion which is relevant for the therapy decision. At the levels of velopharynx and
oropharynx, for example, an isolated vibration of the soft palate or the uvula can
be assumed in the case of anterior-posterior oscillation. Circular vibrations indi-
cate the involvement of the pharyngeal walls, while lateral vibrations are highly
likely to be caused by the palatine tonsils. This plus of information in the ACLTE
scheme compared to the simplified VOTE scheme is achieved at the cost of an
additional class, which places higher demands on the machine learning system.

Figure 3.20: Confusion matrix, simplified VOTE, averaged over all permutations

Figure 3.21: Confusion matrix, ACLTE, averaged over all permutations

In summary, on the basis of the available results, a good differentiation of
epiglottis snoring is achieved, and isolated velopharyngeal snoring in anterior-
posterior orientation, which is typical for isolated, primary soft palate snoring, is
well recognised. This information is valuable for clinical use because these snoring
types have to be treated in a distinct way. The differentiation of different vibra-
tion patterns at the level of the oropharynx is only moderately successful. There
is a need for further research, since the shape of the airway constriction (circular
or lateral) is an important information for the therapy decision. Isolated tongue
base snoring occurs very rarely in the investigated data and is therefore not well
recognised. There is a discrepancy to the prevalence of obstructions at the tongue
level, which is diagnosed in a considerably higher proportion of patients. This
descripancy may be explained by the fact that the latter predominantly occur as
multilevel obstructions with the participation of velo- and oropharyngeal struc-
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tures. However, multi-level snoring events were deliberately excluded from the
database.

The acoustic properties of the upper respiratory tract provide a possible ex-
planation for the different class-specific recalls. The distance from the point of
vibration to the sound emitted into the environment at nostrils and lips acts as an
attachment tube that represents an acoustically effective filter, whose frequency
response depends on its length and cross-section. The good differentiation of
epiglottis snoring can therefore be explained by the fact that the tube has a longer
overall length with vibrations at the epiglottis level than with velar or oropha-
ryngeal vibrations. In addition, there is a constriction in the cross-section at the
level of the base of the tongue which has a characteristic influence on the transfer
function. This is not present in all other classes. Similarly, the more frequent
confusion of the classes A, C and L, or V and O, can be explained by the fact
that the vibration locations are close to each other. Another argument in favour
of this explanation is that the best differentiating feature subgroups describe the
spectral signal properties and thus the filter properties of the attachment tube (7).
In comparison, the characteristics that describe the properties of the stimulating
signal, i. e. the characteristics of the sound source instead of the length and shape
of the upper respiratory tract, differentiate less well.

For the databases, only those sound events were used that could be unequivo-
cally and clearly assigned to a class by two annotators. Nevertheless, the transition
between different vibration locations and orientations, especially in the oropharyn-
geal region, is fluent in reality. This can be a further explanation for the confusion
of classes C and L in particular. In borderline cases, the trained model may decide
differently based on the acoustic properties than a human evaluator who can revert
to video images for the decision.

The poor detection rate of the tongue base snoring samples, on the other hand,
can be explained by the low number of sound events in this class. With only 3%
(ACLTE) and 5% (simplified VOTE) of all events, the T-class is clearly under-
represented This is not surprising, it is known that isolated vibrations and obstruc-
tions at the base of the tongue occur comparatively rarely (48). The amount of
training data is thus very small for a machine learning task, so the results can be
fairly random. This is also supported by the fact that the deviations of the class
specific recalls of the T-class across the different permutations are comparatively
large.
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Chapter 4

Summary

“The great expectation from computerisation was
to . . . enhance our ability to understand physiologic
information in new, clinically useful ways; however,
we are still waiting for these hopes to be realised.”
(Max Hirshkowitz, Handbook of Clinical Neurology, 2011)

This thesis deals with the analysis of the acoustic phenomenon of snoring. It
could be demonstrated that snoring and voice production have a number of simi-
larities. In both cases, an excitation wave is generated within the upper respiratory
tract, and the harmonic spectrum of this signal is shaped depending on the shape
of the upper airways as the sound travels from its excitation location to the lips
and nostrils, where it is emitted into the environment. Although snoring and voice
production also differ in a number of aspects, it was an appropriate approach to
use analytic strategies and acoustic features known from speech analysis and au-
tomatic speech recognition to approach the topic of snore analysis. Indeed, those
features that have proven to be well suited for automatic speech processing also
showed a high sensitivity both in the detection of snoring events and in the dis-
tinction of different snoring types. Especially, Mel-frequency cepstral coefficients
(MFCC) and perceptual linear predictive cepstral coefficients (PLPCC) outper-
formed other acoustic descriptors in the given tasks. All of these features aim
to describe the acoustic properties of the upper airways and their sound-shaping
characteristics on the excited signal. In contrast, features describing the temporal
characteristics of the excitation signal itself were inferior, a fact that is known also
in speech signal analysis.
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4.1 Research Questions

1. What is snoring? In order to approach this quite universal question, the de-
limination of snoring and loud breathing using acoustic descriptors has been
investigated based on a corpus of nocturnal breathing sounds that had been
annotated by a group of blinded raters in an emotionally neutral environ-
ment. The events were then labelled as snoring or non-snoring according to
the inter-rater agreement (164). The authors of this corpus originally com-
pared the human ratings with psychoacoustic features, which is an obvious
idea since the decision of the raters is based on subjective perception. The
features used, however, consider volume and therefore the absolute sound
pressure level of the signal, a fact that makes the findings difficult to be ap-
plied in real-world applications since a calibrated recording equipment and
a defined distance between snorer and microphone would be required.

Hence, in the experiments described in this thesis, a number of SPL-
independent acoustic descriptors have been applied to the normalised set
of samples, and a very good agreement of machine classification results with
the human rating could be achieved. The obtained specificity and sensitivity
of both more than 90% clearly exceeds previously published results on this
task. The performance is sufficient to be applied to real-world applications
and it adds a layer of objectiveness to a task that is in today’s applications
largely based on the subjective judgement of single raters.

It must be noted that the proposed solution only addresses the very specific
task of distinguishing between snoring and loud breathing. To be useful in
universal snoring detection applications, a step of excluding non-respiratory
sounds caused by other sources should be applied beforehand. Appropriate
strategies for such a task have been described by several research groups and
that go beyond the scope of this thesis.

Care should be exercised when generalising these results, since the corpus
used is relatively small for a machine-learning task, and the experiments may
be repeated on larger datasets with the aim to confirm and refine the results.

2. Can different snoring types be distinguished acoustically? The results on the
classification of different snoring sound excitation locations and orientations
show that it is in principle possible to distinguish different sound generation
mechanisms by their acoustic properties.

The performance of the trained machine classification models of 55.4% in a
four-class model, and 49.1% in a five-class model, respectively, are encour-
aging. However, they would still be of limited use in real-world medical ap-
plications. The trained models can be helpful as a pre-screening step which,
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depending on the detected snoring class and with the knowledge of the class-
specific recall, guides the decision which further diagnostic measures must
be applied, or can be spared in certain cases to ease strain for patients and
to save time and cost.

3. How relevant are the results achieved for therapy decision making? With the
highest class-specific recall obtained in snoring originated from the epiglottis
(E-type snoring), and the second highest recall achieved in the detection of
palatal snoring in anterior-posterior orientation (A-type snoring), two snor-
ing types are addressed that require distinct therapeutic approaches. While
A-type snoring can be treated comparatively easily with minimally invasive
interventions targeting the velum and/or the uvula, such as soft palate im-
plants or thermocoagulation, E-type snoring requires rather complicated sur-
gical measures, but can also respond well to conservative treatment such as
mandibular advancement using oral appliances. In this respect, the trained
models can be useful for real-world therapy decision making in a selected
subgroup of patients.

It must be noted that the databases introduced and assessed in this work
contain sounds of vibration events in the upper respiratory tract without
obstructive disposition. The localisation and orientation of the vibrations
have been analysed and models have been trained which permit a direct
conclusion with regards to the anatomical causes of snoring. However, they
do not reveal any information about an obstructive disposition of the investi-
gated subject. Measurement of OSA severity is not the aim of these models
and must be carried out independently using established and well-proven
diagnostic methods.

The VOTE classification according to Kezirian et. al. defines three degrees
of airway narrowing (no, partial, complete obstruction). It is their observa-
tion that snoring usually occurs during a stage of partial narrowing without
complete occlusion. In the symptomatic treatment of primary snoring, in-
formation is required as to the location of the snoring sound generation in
order to allow targeted therapy. It has not been investigated to what extent
vibration patterns correspond with constriction or obstruction patterns oc-
curring during OSA. In order to apply the findings from this thesis as a basis
for therapy decisions in OSA patients, research needs to be done regarding
the correlation of snoring and occlusion patterns during sleep.
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4.2 Limitations and Areas of Future Work

It must be noted that the models and strategies used in this thesis are a simplified
approximation to the real world, in particular with regards to the following aspects.

1. The databases analysed in Sections 3.2 and 3.3 are based on recordings taken
during DISE examinations. It is an ongoing subject of the scientific debate
as to which extent the vibrational and obstructive patterns observed under
DISE are similar to those in natural sleep. Here, however, this question might
not be of central relevance. The aim of the work presented here is to provide
material for the automatic classification of different snoring sound excitation
locations by means of machine learning methods. It can be hypothesised
that the form of sleep (natural or drug induced) has no meaningful influence
on the acoustic characteristics of snoring sounds from different excitation
locations. In other words, a velum snoring sounds the same, no matter if
it is generated in natural sleep or during drug-induced sedation, as long as
it stems from the palate level. In turn, there will be characteristic acoustic
properties for the different snoring sound classes, independent of the type of
sleep. Given this hypothesis is valid, results based on this database material
will be transferable to snoring sound examinations during natural sleep.

2. Only snoring events that could be clearly assigned to one of the defined
classes were used for the experiments. In reality, there is no sharp delim-
ination between different snore classes, but it is rather a continuum with
transitions from one class to another, which sometimes may difficult to be
unequivocally interpreted.

3. It is an inherent limitation of DISE examinations as a diagnostic method that
only the upper obstruction level is directly visible. Potential obstruction lev-
els caudally of the visible one might be overlooked. However, it is possible
to move the endoscope through the obstruction plane and observe what hap-
pens caudally. Advancing the endoscope further than the cranial obstruction
plane usually only slightly affects the vibratory pattern and a second caudal
plane can be detected. When selecting the snoring events, care was taken to
ensure that vibrations occurred in one plane only. Multilocular vibrations
were deliberately excluded in order to obtain as clear a sample selection as
possible for the acoustic evaluations and machine learning experiments. The
same applies to recordings in which an acoustic impairment due to excessive
accumulation of mucus and saliva was found. It can be assumed that mul-
tilocular vibration patterns have more complex acoustic characteristics than
unilocular and also excessive salivation leads to acoustic alteration of the
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sounds. Hessel et. al. report that single level obstructions only occur in 35%
of patients (48). With a well-trained classifier, multi-level snoring events
could be added to the data probing the capability of the classifier models in
dealing with this new group of data.

4. Due to the strongly imbalanced nature of the database, the number of actual
subjects with tongue-base and epiglottis type snoring is fairly small, leading
to potentially unreliable results using machine learning strategies.

Nevertheless, the results from this thesis provide a good basis for future re-
search, in which the trained machine learning models can be applied to independent
routine clinical data. By comparing the classification results to expert diagnoses,
it can be evaluated how the models perform in difficult, real-world situations. For
a broad clinical application of machine-based acoustic analysis of snoring sounds,
further differentiated evaluation models will be required in order to capture the
phenomenon of snoring in all its complexity.

Adding more subjects to the databases, refining the snoring classes and devel-
oping novel descriptors for snoring sound characteristics are areas of future work
to further improve classification performance of different types of snoring, with
the perspective of complementing DISE as a diagnostic measure in the targeted
treatment of sleep-related breathing disorders.

4.3 Conclusion

In the handbook of clinical neurology, issued in 2011, it was stated that “the great
expectation from computerisation was to . . . enhance our ability to understand
physiologic information in new, clinically useful ways; however, we are still waiting
for these hopes to be realised” (180).

The research results presented in this thesis show that machine learning meth-
ods for the classification of snore data can provide valuable information for the
interpretation of the underlying anatomical processes of this frequently occurring
acoustic phenomenon. The results are promising to support human experts in the
interpretation of sleep data and support diagnosis. Perspectively, findings from
this work have the potential to complement DISE investigations or even replace
them in selected patients, and thus to decrease the physical strain for the patients
undergoing snoring diagnosis and to reduce healthcare cost.

Sleep has been a fascinating field of research over the past centuries, and it
will retain is fascination within the ever advancing field of machine learning and
artificial intelligence, with the perspective of providing ever more sophisticated
tools and methods to support medical diagnosis and therapy decision making.
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