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Propositions

accompanying the dissertation

MUSIC INFORMATION RETRIEVAL BEYOND AUDIO
A VISION-BASED APPROACH FOR REAL-WORLD DATA

by

Alessio BAZZICA

1. A video recording of a musical performance can be synchronized to a symbolic
score without using the audio channel of the recording. [Chapters 3 and 4]

2. Investing in efficient semi-automatic face annotation in video is more productive
than developing yet another more complex fully automatic solution. [Chapters 4
and 5]

3. Existing convolutional neural network models are not suitable to learn temporal
patterns on videos at full temporal resolution. [Chapter 6]

4. Relying on vision-based Music IR approaches is critical in the case of non-scripted
music. [Chapter 2]

5. Convolutional neural networks are just giant hash functions.

6. PhD candidates should not become independent researchers.

7. Giving enough room for failures in scientific publications is critical to the advance-
ment of science.

8. Involving supervisors from industry should be compulsory for all PhD candidates
in Computer Science.

9. Keeping personal and professional goals apart is the recipe for failure.

10. The most effective way to let North-EU colleagues loosen up is bringing tiramisù
at work.

These propositions are regarded as opposable and defendable, and have been approved
as such by the promotor prof. dr. A. Hanjalic.



Most people never ask, and that’s what separates, sometimes, the people who do things
from the people who just dream about them.

Steve Jobs
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SUMMARY

Digital music platforms have recently become the primary revenue stream for recorded
music, making record labels and content owners increasingly interested in developing
new digital features for their users. Besides listening to expert-curated playlists and
automatically recommended music, users can also benefit from a more informative,
non-linearly accessible experience accommodating multiple perspectives on the con-
tent. To give some examples of such enriched experiences, an alternative version of a
piece can automatically be suggested. Users can skip throughout a long classical mu-
sic piece guided by a visualization of its structure (e.g., movements, recurring themes).
They can also switch viewpoints while watching a music video instead of sticking to the
editor’s choice.

Developing such features requires innovation of automated content-based methods
that extract musical knowledge. Traditionally, Music Information Retrieval (Music IR)
researchers have tackled this problem mostly from an audio-only perspective. Several
works have however shown that other types of data, such as social tags, listening be-
haviors, and symbolic music scores, can largely improve the performance of audio-only
algorithms, or even enable tasks that cannot be solved at all using audio alone.

In this thesis, we focus on the relatively unexplored field of vision-based Music IR,
which studies how to analyze the visual channel accompanying a music recording in
order to learn more about the music piece being performed. Several existing methods
require obtrusive settings, such as 3D motion capture systems, which are not applicable
in professional environments (e.g., during a live classical music concert). Other methods
rely instead on favorable viewpoints, static cameras, and uniform backgrounds to sim-
plify the musicians’ movements analysis process. In both cases, the devised algorithms
may not be suitable for commercial music platforms, especially those dealing with real-
world data — i.e., unstructured and unconstrained music videos. We therefore consider
tasks, algorithms and datasets with the real-world data challenges in mind, advancing
the state-of-the-art in two ways: (i) we investigate how to process videos of a single mu-
sician aiming to extract musically relevant cues that can be exploited to solve existing, as
well as new, Music IR problems, and (ii) we address the challenging case of large ensem-
bles, proposing a way to possibly parse complex scenes and link musician-wise cues to
identity and instrumental part annotations.

More in detail, this thesis first presents a global motion feature which aims to rep-
resent musicians’ movements over time. While lightweight and instrument-generic, it
shows limitations with camera motion. For this reason, we switch to detecting “play-
ing/non-playing” (P/NP) labels, which can be guessed from different viewpoints and at
different scales and they can be used to encode the instrumentation of a performance
over time. We first show the value of such semantic feature by proving that it allows to
roughly synchronize a symbolic music score to a performance recording. We then fo-
cus on the visual analysis of large classical music ensembles videos, presenting a semi-

xi
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automatic framework for P/NP annotation. The experiments show that video face clus-
tering is a critical problem to solve; we therefore illustrate a novel method that exploits
the quasi-static scene properties of classical music videos to generate better face clusters
by relying on an automatically built map of the scene. Finally, we address the challeng-
ing problem of detecting note onsets for clarinetist videos as a case study for woodwind
and brass instruments. We propose a novel convolutional network architecture based
on multiple streams and absence of temporal pooling, aiming to capture the fine spatio-
temporal information conveyed by finger movements.

Our proposed methods, outcomes, and envisioned applications show that real-world
music videos are an unexploited asset rather than a problem to avoid. Furthermore, the
light this thesis sheds on vision-based Music IR gives various indications on where future
Computer Vision and Music IR research agendas can meet, bringing further innovation
to the digital music platforms market.



SAMENVATTING

Digitale muziekplatformen zijn vandaag de dag een belangrijke inkomensbron voor op-
genomen muziek. Hierdoor groeit de interesse van platenlabels en rechthebbenden om
nieuwe digitale functionaliteiten aan hun klanten aan te bieden. Naast het luisteren
naar door experts opgestelde afspeellijsten en automatisch aanbevolen muziek, kunnen
muziekgebruikers ook profiteren van meer informatieve, niet-lineaire toegangsvormen,
waarbij meerdere perspectieven op de inhoud worden ondersteund. Als voorbeeld van
een mogelijke verrijkte ervaring kan bijvoorbeeld een alternatieve opname van een werk
automatisch worden gesuggereerd. Met behulp van visualisaties van lange klassieke mu-
ziekwerken (bijvoorbeeld van delen of terugkerende thema’s) kunnen gebruikers makke-
lijker door het werk heen stappen. Verder kunnen ze tijdens het bekijken van een muzi-
kale video-opname van cameraperspectief veranderen, in plaats van dat ze zich moeten
houden aan de keuze van de regisseur.

De ontwikkeling van dit soort functionaliteit vereist innovatie van automatische in-
houdsgebaseerde analysemethodes om muzikale kennis uit signalen te verkrijgen. On-
derzoekers die dit probleem in het onderzoeksgebied van Music Information Retrieval
(Music IR) hebben bestudeerd, hebben traditioneel een sterke focus gehad op audio
als exclusieve informatiebron. Verscheidene werken hebben echter aangetoond dat het
meenemen van andere vormen van data, zoals sociale tags, luistergedrag, en symboli-
sche informatie uit muziekpartituren, het succes van audiogebaseerde algoritmes sterk
kan verbeteren, en zelfs oplossingen mogelijk kan maken die op grond van alleen audio
niet denkbaar zouden zijn.

In deze dissertatie leggen we de focus op het relatief weinig verkende gebied van
beeldgebaseerde Music IR. Hierbij wordt het visuele informatiekanaal bij een muziekop-
name geanalyseerd, om meer te leren over het muziekwerk dat wordt uitgevoerd. Ver-
schillende bestaande methodes vereisen een opzet die hinderlijk kan zijn voor de uit-
voerder, zoals systemen voor driedimensionale bewegingsvastlegging (motion capture),
die niet in professionele omgevingen, zoals een live klassiek muziekconcert, kunnen
worden toegepast. Andere methodes zijn afhankelijk van gunstige gezichtspunten, stati-
sche camera’s, en uniforme achtergronden, om het proces van bewegingsanalyse van de
musicus te vergemakkelijken. In beide gevallen zullen resulterende algoritmes niet ge-
schikt zijn om toegepast te worden in commerciële muziekplatformen, met name plat-
formen die te maken hebben met realistische data — d.w.z. ongestructureerde muziek-
video’s met onbegrensde mogelijke variatie. Om deze reden houdt deze dissertatie zich
bezig met taken, algoritmes en datasets gericht op realistische data-uitdagingen. We ver-
beteren de stand van zaken op twee manieren: (i) door te onderzoeken hoe video’s van
een enkele musicus kunnen worden geanalyseerd, om muzikaal relevante aanwijzingen
te verkrijgen die kunnen worden gebruikt om bestaande en nieuwe Music IR-problemen
op te lossen, en (ii) door de uitdaging aan te gaan om video’s van grote ensembles te
analyseren, waarbij we een methode voorstellen om complexe situaties te ontleden, en
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muzikantgebaseerde aanwijzingen te linken aan annotaties van persoonsidentiteit en
instrumentpartijen.

Allereerst zal de dissertatie een methode presenteren om de beweging van musici
over tijd automatisch uit een video te halen en te representeren als een globaal bewe-
gingskenmerk. De methode is computationeel licht en niet afhankelijk van specifieke
instrumenten, maar toont beperkingen in geval van camerabeweging. Om deze reden
stappen we over op het detecteren of iemand zijn/haar instrument bespeelt of niet (“play-
ing/non-playing”, P/NP), wat vanuit meerdere gezichtspunten en op verschillende scha-
len kan worden bepaald, en gebruikt kan worden om instrumentatie van een uitvoering
over tijd weer te geven. Allereerst tonen we de waarde van dit semantische kenmerk
aan door te demonstreren dat dit een globale synchronisatie van een symbolische par-
tituur met een opname van een uitvoering mogelijk maakt. Vervolgens focussen we op
de beeldanalyse van video’s van grote klassieke muziekensembles, waarbij we een semi-
automatische aanpak voor P/NP-annotatie presenteren. De experimenten tonen aan dat
het clusteren van gezichten in video’s een kritiek probleem is om op te lossen. Daarom
presenteren we een nieuwe methode, waarbij eigenschappen van quasi-statische situ-
aties worden benut om betere clusters te genereren, gebruikmakend van een automa-
tisch opgebouwde omgevingsplattegrond. Tot slot richten we ons op het uitdagende
probleem om de aanvang van noten in video’s van klarinettisten te detecteren, als een
casestudy voor blaasinstrumenten. We stellen een nieuwe convolutional neural net-
work-architectuur voor, gebaseerd op meerdere informatiestromen en afwezigheid van
temporele pooling, waarbij het doel is om fijne spatiotemporele informatie uit vingerbe-
wegingen te detecteren.

Onze voorgestelde methodes, resultaten, en voorziene applicaties geven aan dat rea-
listische muziekvideo’s een onontgonnen bron van waardevolle informatie zijn, in plaats
van een probleem om te vermijden. Het licht dat deze dissertatie op beeldgebaseerde
Music IR werpt, geeft bovendien verschillende aanwijzingen over waar toekomstige on-
derzoeksagenda’s in de onderzoeksgebieden van Computer Vision en Music IR elkaar
kunnen ontmoeten, om de markt van digitale muziekplatformen verder te kunnen in-
noveren.



1
INTRODUCTION

1.1. ONLINE MUSIC PLATFORMS: CONTINUOUS INNOVATION
Due to the large availability of digital platforms like Google Play, Spotify and YouTube,
the way we experience music has been shifting. According to the IFPI Global Music Re-
port of 20161, “the global music market achieved a key milestone in 2015 when digital be-
came the primary revenue stream for recorded music, overtaking sales of physical formats
for the first time”. This fact indicates that, instead of promoting live events to encourage
audiences to buy a recording afterwards, artists and record labels may benefit from pro-
moting online music as first step in order to attract more people to live performances.

In order to let online music platforms become the key for reaching large audiences,
service providers have become increasingly innovative in developing new features for
such platforms. As an example, in services like VEVO2 that are used to watch music
videos online, playlists have become a popular feature. They can be automatically rec-

1http://ifpi.org/news/IFPI-GLOBAL-MUSIC-REPORT-2016
2http://www.vevo.com

Figure 1.1: RCO Editions tablet interface enabling the user to get informed about a music piece from different
perspectives, e.g., through an explanation of a conductor, biographies of the composer and musicians, and by
listening to the piece in various ways, e.g., by also following the music score.

1
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(a) Score synchronization: the current
bar is automatically highlighted.
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Figure 1. The Performance Worm is an animation of
some of the expressive parameters of a musical perfor-
mance. The position of the head of the worm gives the
current tempo (horizontal axis) and loudness level (verti-
cal axis). The figure shows the display at bar 30 of Rach-
maninov’s Prelude op.23 no.6 played by Ashkenazy.

exponential curve via the formula:

Fout = k
Fin
8192

where k is the maximum tempo factor. For example, if
k = 2, the tempo changes range between half and double
the original tempo. The 7-bit (0 to 127) input value for
volume is scaled linearly and used for the master volume:

Vout =
Vin

127

For audio input data, advanced methods exist for time-
scale modification without corresponding changes in pitch
or timbre of the sounds (see [1] for a review). We use a
time-domain method, synchronous overlap and add, which
reduces amplitude and phase discontinuities at audio seg-
ment boundaries by finding the alignment of successive
segments with maximal cross-correlation of the overlap-
ping portions.

4.1. The Mouse Worm

As an extension of the above-mentioned work, a mouse-
driven interface was created as an alternative to using the
theremin for input. The main advantage of this approach
is that no special hardware is required to manipulate per-
formances. It is also possible to have finer control over
the parameters, since the user’s hand is resting on the desk
rather than being held as steadily as possible in the air.

5. THE AIR TAPPER

An orchestral conductor communicates high-level inter-
pretive instructions to trained musicians via arm and hand
movements, and this is thought to be a particularly natu-
ral method of expression because it places no constraints
on the conductor. Timing information is communicated
primarily via the trajectory of the baton, where beat times
are given by turning points in the trajectory. The control
of loudness is not so explicit, but it is generally correlated

with the extent of the trajectory. We admit that this is a
vast simplification of a complicated communication pro-
tocol; the point is to define a simple mapping for non-
expert users of the theremin.

The following steps are involved in using the theremin
as a conducting device: encoding the timing information
from the gestures, finding the corresponding beat times in
the music, and synchronising the music reproduction to
the gestures in real time. The beat is extracted by tracking
the distance of the user’s hand from the horizontal antenna
and finding local minima. The time of each local mini-
mum is taken to be the time of the beat, and the tempo
is then calculated from the inter-beat interval. False beats
are filtered out by deleting any minima where the maxi-
mum value since the last minimum is less than 10 units
more than the minimum. Dynamics are controlled by the
proximity of the hand to the vertical antenna, but since
this does not remain constant during the conducting tra-
jectory, the average distance from the vertical antenna is
calculated for each beat and updated once per beat. An
easier method of controlling dynamics is to conduct the
beat at the far end of the horizontal antenna with one hand
and use the other hand for dynamics.

In order to synchronise the music to the conducting, we
need to know the times of the beats in the music files. The
vast literature on beat tracking testifies to the difficulty of
this task (see [10] for a recent review). We assume in gen-
eral that the timing of beats is supplied as metadata, so that
the notated beats can be aligned with the gestural data. If
this metadata is not available, the system supplies a tempo
factor based on the rate of conducting, but does not syn-
chronise the musical data to the conducting, which is a
reasonable default when the beat times of the music are
not known. In future work, we intend to integrate a beat
tracking system (e.g., BeatRoot [5, 6]), so that metadata
will not be required.

6. DISCUSSION AND CONCLUSION

We described the Air Worm, a new interface for manip-
ulating musical expression by tracing out a trajectory in
a two-dimensional tempo-loudness space; the Air Tapper,
which provides an alternative way of specifying timing in-
formation; and modifications of these systems for use with
a mouse instead of a digital theremin. Informal evaluation
confirmed that these are intuitive and useful interfaces to
expressive performance, even for the lay person. Further
work is required to seriously evaluate the systems.

One limitation of these control methods is that musi-
cal context is not taken into account. For best results, it
would be necessary to consider timing and tempo sepa-
rately [4, 3]. For example, a doubling of tempo should not
necessarily double the rate of a trill or halve the length of
a grace note, which is the current effect of the system. For
typical expressive modifications, which are usually quite
subtle, this does not turn out to be a great problem, but
for more extreme modifications, it is a significant issue.
For MIDI input, it is possible to detect such cases and

(b) The Air Worm visualization: loudness and tempo
are represented jointly over time [28].

Figure 1.2: Examples of new functionalities to enrich the user experience when interacting with music.

ommended, curated by experts or created by and shared among users of a social plat-
form. More advanced features have been investigated as well. For instance, new emerg-
ing platforms like RCO Editions3 and the Berliner Philharmoniker’s Digital Concert Hall4

aim to enrich audiovisual recordings of symphonic music performances to make them
more informative, accessible in a non-linear fashion and from multiple perspectives [43]
[66] (see, for example, Figure 1.1). This allows users to access material related to the
specific performance which is being listened to, such as conductor commentaries, mu-
sicians’ biographies, alternative performance recordings and synchronized sheet music
[5] (see Figure 1.2a). Also, visualizations have been deployed to guide users through a
performance, highlighting cues and structure like done for instance by the “Air Worm”
[28] (see Figure 1.2b) and scape plots [69] respectively. Furthermore, non-linear access
offers ways to skip to relevant moments based on temporal annotations. This is partic-
ularly useful for long pieces with a complex structure, which is often the case for classi-
cal music (see e.g., Figure 1.3). Finally, by allowing multiple perspectives, users are not
obliged to stick to the editors’ viewpoint anymore. Instead, they can, for instance, isolate
the sound of an orchestral section [34] or zoom in on a specific musician to see how a
difficult instrumental part is performed.

1.2. MUSIC INFORMATION RETRIEVAL BEYOND AUDIO
When analyzing the trends in the development of online music platforms, it becomes
clear that for this development, we need to look broader than the possibilities to process
and analyze music audio only. While audio remains the main way to experience music,
it is by far not sufficient if we wish to learn as much as possible about a music piece and
obtain the desired richness of its representations and perspectives. The Music Informa-
tion Retrieval (Music IR)5 research community has therefore increasingly focused on a
multimodal approach, where different modalities, like audio, visual and text, are used

3http://www.concertgebouworkest.nl/en/rco-editions
4http://www.digitalconcerthall.com
5Music IR is an interdisciplinary science involving musicologists, psychologists, and signal processing and

machine learning experts (see https://en.wikipedia.org/wiki/Music_information_retrieval)

http://www.concertgebouworkest.nl/en/rco-editions
http://www.digitalconcerthall.com
https://en.wikipedia.org/wiki/Music_information_retrieval
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Figure 1.3: Non-linear access for classical music videos: the enriched video timeline allows users to skip to
specific parts of a piece. Credit: PHENICX prototype http://phenicx.com/

together to maximally benefit from the available information resources.

Adding modalities, like social tags and visual data (e.g., video recordings), to the re-
search in the Music IR field is important for two reasons. The first one is that critical
information for developing the desired feature of an online music platform is simply not
available in the music audio data stream. For example, the most effective way to show to
a user how to play a particular music sequence on an instrument is to do this via a video.
Similarly, the tasks of inferring the interest of the user in what to listen to and how to in-
teract with a platform can be done much better by relying on social tags, online profiles,
social relationships and listening behavior. In other words, an enriched experience can
be obtained by extracting and exploiting information from multiple, preferably comple-
mentary modalities. The second reason also has to do with complementary nature of
different modalities. Even if one modality contains information that can help us learn
more about a music piece, it is often so that adding information from another modal-
ity can improve the learning performance. For example, combining social tags and au-
dio features outperforms audio-only methods for music genre classifications [6]. Sim-
ilarly, audiovisual drum transcription performs better than an unimodal (audio-only)
approach [65].

1.3. THESIS FOCUS: VISION-BASED MUSIC IR
In this thesis, we pursue a multimodal approach to Music IR and focus on a combination
between the audio and visual modality. Specifically, we explore how an analysis of the
visual channel accompanying a music recording—i.e., a music video—can help in learn-
ing more about the music piece being performed and about the specific performance
context.

Compared to the audio-only Music IR approach, the audiovisual approach is still rel-
atively unexplored, even though the need for it has already been identified [59, 30, 95].
The existing work in this direction has mostly focused on learning the relationships be-
tween body movements and musical cues, and on using these relationships for solv-
ing traditional Music IR tasks, such as sound source separation, performance-to-score
synchronization, and automatic transcription. As an example of the former, Nymoen
et al. [74] carried out a user study to analyze the differences between pitched and non-

http://phenicx.com/
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pitched sounds, and the gestures that these sounds elicit in the participants. Caramiaux
et al. [20] presented a segmentation model for clarinetists’ movements. Regarding the
traditional Music IR tasks, a few works addressed the music transcription task in a mul-
timodal fashion focusing on percussion (e.g., drum [65] and vibraphone [89]) and guitar
[75]. Essid & Richard [30] reviewed multimodal and cross-modal signal processing and
machine learning methods to propose a general modality fusion and analysis framework
for five representative Music IR tasks. In particular for sound source separation, the au-
thors recommended that partially-informed approaches should be pursued relying on
additional modalities. That this is still in its infancy can be observed from the fact that a
visually informed multi-pitch estimation algorithm for string ensembles has been pro-
posed for the first time only recently [27].

The aforementioned works present experiments mostly conducted on 3D motion
capture (mocap) data or “ideal” video recordings. Mocap data is highly structured, since
it is based on tracking 3D-world coordinates of relevant points, like body joints. This type
of data allows, for instance, to accurately identify sound-gesture relationships, which
are important to guide us in what to look for when analyzing videos of performing mu-
sicians. When video recordings are used, they are typically acquired in a constrained
way, in order to again make the extraction of structured annotations easier. This is done
by using static cameras, favorable viewpoints and homogeneous backgrounds to avoid
clutter.

Using structured and constrained visual data is unarguably a critical first step in ex-
ploring the possibilities for audiovisual Music IR, since it allows one to focus on funda-
mental questions on how to link and combine audio and visual signals for effectively and
efficiently inferring higher-level information from data. However, a second step needs
to be taken as well, expanding and adjusting the obtained insights from the first step
towards methods and algorithms that are capable of handling real-world, that is, un-
structured and unconstrained audiovisual data. The need for such solutions becomes
visible if we realize that, for instance, a mocap system is too obtrusive for live concerts,
and therefore traditional (or depth) cameras should be used instead. These cameras
make, however, the extraction of the links between body movements and musical cues
much more difficult than in the mocap case as the information about body parts is not
available directly but needs to be extracted from the raw visual stream. Recorded videos
are also typically not constrained due to limited options to position the cameras in a live
concert setting, resulting in suboptimal visibility of the musicians and their instruments,
e.g., due to pose variations and occlusions.

1.4. THESIS GOAL AND SCOPE

Developing methods and algorithms that can handle real-world data is critical for being
able to optimally benefit from the available information resources in the broadest possi-
ble application scope. The goal of this thesis is therefore to investigate how vision-based
Music IR techniques can be developed to be able to run on realistic, thus unstructured
and unconstrained audiovisual music recordings and extract information that is of rel-
evance for the emerging online music platforms. By pursuing this goal, we expand the
state-of-the-art in the field in two ways:
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• Approach 1: We consider videos of individual musicians like in most of the previ-
ous works discussed above, but look beyond the current possibilities to link spe-
cific (e.g., instrument- or performer-related) visual and music cues. We aim for a
more generic audiovisual analysis of a music video, possibly independent of the
played instrument, and make as few assumptions as possible on the exact record-
ing conditions. We specifically look at the type and depth of the performance-
relevant information that is extractable in this way. The rationale behind this is
that the movements of a musician while playing relate to what they play. If ex-
tracted in a generic fashion, this link can help in automatically structuring and
indexing a general (and thus also unconstrained) music video.

• Approach 2: We expand the audiovisual analysis from video of single performers
to videos of large ensembles. Specifically, we focus here on the recordings of clas-
sical music concerts. We find this choice representative of the typical real-world
data challenges in vision-based Music IR. For instance, a video recording of a sym-
phonic orchestra concert features a large number of instruments, played by a large
number of artists in a crowded (thus cluttered) setting and with non-ideal image
resolution, e.g., due to the recordings made by a remote camera positioned in front
of the concert stage. Furthermore, classical music pieces are typically lengthy, with
sequences played by different instrument combinations and showing large varia-
tion in musical characteristics, such as tempo and intensity. This poses numerous
challenges of how to link these variations in the audio channel to the information
in the visual channel and extract performance-level information relevant to share
with users of an online music platform.

1.5. THESIS OVERVIEW
For the two approaches described above, we conduct different investigations, which lead
to various methods, algorithms and results reported in chapters 2-6 of this thesis, specif-
ically in chapters 2 and 6 for Approach 1 and chapters 3-5 for Approach 2. In the fol-
lowing, we briefly describe the contributions of each of these chapters and their mutual
relations.

With the work reported in Chapter 2 we start our search for generic visual cues that
can help us represent musicians’ movements over time in a low-dimensional and inter-
pretable space and link them to the characteristics of the musical performance. Specifi-
cally, we propose an unsupervised method based on the extraction of a lightweight fea-
ture named “Motion Orientation Histogram” and on the computation of novelty peaks
in the value development of this feature over time. By following this approach, we find
explainable correlations between novelty peaks and the note onset density computed on
the isolated audio track corresponding to the recorded musician. Also, we observe that
expert-annotated structural boundaries are often aligned with visual novelty peaks and
these findings generalize across different musicians playing three different instruments.

In Chapter 3 and Chapter 4, we expand the investigation from Chapter 2 from the
recordings of individual musicians to the ones of larger ensembles, and we also focus
on concrete objectives that are potentially of relevance of an online music platform, as
discussed earlier in this chapter. Specifically, and in view of the example illustrated in
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Figure 1.2a, we consider the problem of synchronizing the performance of a music piece
with the score of that piece. Searching for an alternative to the current practice of obtain-
ing such a synchronization, namely using audio rendered from MIDI files that represent
the scores, we want to investigate the use of the visual channel for this purpose. We
choose to analyze the visual channel for generic cues indicating whether a member of an
ensemble is playing or not playing her instrument. The rationale behind this choice is
that by extracting the playing/non-playing (P/NP) label sequences from the visual chan-
nel and aggregating such labels over time and across musicians, a matrix that represents
the instrumentation over time is easily obtained. The same information can be derived
via symbolic score reduction, therefore making temporal alignment of the performance
and the score straightforward. Looking for generic cues like P/NP labels is important,
since this type of labels applies to any played instrument, independent of the position
of a musician in the ensemble and even in presence of partial visibility of person and/or
instrument, and independent of the properties of a particular video recording (e.g., po-
sition of the cameras).

Before we proceed with the visual analysis with the purpose of extracting the P/NP
label sequences for all musicians, we first perform a preliminary experimental analysis
reported in Chapter 3 to investigate whether P/NP information aggregated across mu-
sicians, if available, is sufficient at all as a cue for synchronization with the score. Our
experiments show that P/NP information is sufficient to perform a coarse temporal syn-
chronization between a video and a symbolic score (temporal tolerance of about 2 sec-
onds), even in presence of noise or missing data. The results in Chapter 3 provide moti-
vation to investigate how to design a P/NP labels extraction system from the visual chan-
nel for large-ensemble videos. We pursue this challenge through the work presented
in Chapter 4. This chapter first describes the characteristics of symphonic orchestral
recordings, and then presents a semi-automatic system combining face and human-
object interaction clustering techniques for P/NP sequence extraction. We pursue a
semi-automatic annotation strategy, since data-driven approaches require datasets that
are not available yet for the considered problem. For this experiment, we use real-world
recordings of two symphonic music concerts, spanning multiple moving camera and
single static camera recordings. Our goal is to identify sub-modules that are critical to
solve the P/NP labels extraction problem with satisfying performance. The results show
that existing face clustering methods can be improved to reduce musician identity la-
beling mistakes and the amount of manual work required to label the produced clusters.
Regarding the P/NP labeling step, we observe that even if severe occlusion shadows the
sound producing movements, other visual cues like facial expression can be exploited
for P/NP detection. This indicates that, if one were to make a dataset to train a classifier,
visual features beyond body pose and upper body movements should be included.

The next investigation, reported in Chapter 5, is inspired by the deficiencies of visual
channel analysis we experienced in Chapter 4. There, we aim to improve the perfor-
mance of face clustering for a specific category of scenes that we encounter in our video
recordings of large ensembles and that we generally refer to as quasi-static scenes. In
these scenes, we can assume that the people’s positions are (quasi-)stationary. Based
on this assumption, we present a method that automatically builds a map of the scene
from an unconstrained video in the form of a graph. Thereby, spatial relationships be-
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tween the available camera views are used to perform sub-graph matching across face
graphs derived from each overlapping view pair. The results show that the spatial infor-
mation is well exploited in this way and that our method becomes even more effective
with crowded shots—which are typically challenging for traditional face clustering algo-
rithms due to the lack of visual detail. We also find it important to note that our method
generalizes to other quasi-static scene settings beyond classical music concerts, like for
example those found in talk shows or sitcoms, even if special editing effects, like split
screens, are present.

In Chapter 6, we return back to the type of discussion we initiated in Chapter 2, but
now we approach the investigation of generic links between visual and audio cues for
musical performance characterization from the supervised learning perspective. Specif-
ically, the work presented in this chapter addresses the challenge of vision-based detec-
tion and analysis of finger movements on, for instance, woodwind and brass instruments
and linking these movements to acoustic events. For this purpose, we present a fully au-
tomatic method based on deep learning for note onsets detection from clarinetist videos.
In addition, we publish a new dataset of 4.5 hours of video with about 36,000 annotated
onsets. The results reported in Chapter 6 are based on preliminary investigations and
show that our proposed classifier currently performs only on par with a ground-truth
informed random baseline. We also observe that a gap between vision-based and audio-
only note onsets detection (performed on isolated audio tracks) is rather large. However,
the problem and the proposed algorithm are both novel and we considered it worth re-
porting to the scientific community. We are confident that further research on this topic
will lead to significantly better results.

1.6. THESIS IMPACT
The main impact of this thesis lies in the experimentally validated insight that the vast
potential of the information contained in the visual channel of a music video can be
exploited much further than in the existing work in order to build tools allowing us to
efficiently, effectively and intuitively interact with music. As shown by the example in
Figure 1.4, our findings on P/NP detection already enable the development of new func-
tionalities for online music platforms. Furthermore, our solution to the video face clus-
tering problem (Chapter 5) can be exploited together with the sound source separation
output to zoom in, both via the visual and auditory channel, onto a specific musician—
just by tapping on musicians’ faces while watching a video. Face labels can also be ex-
ploited to let users switch viewpoints according to the specific instruments/musicians
they may want to observe. A proof of concept of such functionalities is available at
http://youtu.be/6Oj70tvqo9c. The findings reported in the thesis pave the way for
more research in the still emerging research area of vision-based Music IR, and shed light
on methodological and algorithmic design choices suitable for handling real-world data.
Last but not least, we hope that the dataset we created will further facilitate these efforts.

1.7. HOW TO READ THE THESIS
For the technical part of this thesis, original publications have been adopted as chap-
ters 2, 3, 4, 5 and 6. The references to the corresponding publications are given in the

http://youtu.be/6Oj70tvqo9c
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Figure 1.4: Illustration of our proof of concept which combines the output of visual and audio analysis. The
full video is available at http://youtu.be/6Oj70tvqo9c.

http://youtu.be/6Oj70tvqo9c
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footnote at the beginning of each chapter. Since some of the papers have appeared in
conferences, some in workshops and some in scientific journals, the length and depth of
the chapters also varies accordingly. Since we retained the original form of the publica-
tions, there may be variation in the notation and terminology across the chapters. Also,
if chapters address the same general topic, there may be similarity in the motivation,
argumentation and some of the material (e.g., sections on related work) they cover.

1.8. LIST OF PUBLICATIONS RELATED TO THE THESIS
The following papers have been published by the author of the thesis while pursuing the
PhD degree in the Multimedia Computing Group at the Delft University of Technology.
Those publications directly serving as chapters of the thesis are indicated accordingly.

Journals:

• Alessio Bazzica, Cynthia C. S. Liem, Alan Hanjalic. On detecting the playing/non-
playing activity of musicians in symphonic music videos. Computer Vision and
Image Understanding (2016) - Chapter 4 [13].

• Alessio Bazzica, Cynthia C. S. Liem, Alan Hanjalic. Exploiting scene maps and spa-
tial relationships in quasi-static scenes for video face clustering. Image and Vision
Computing (2017) - Chapter 5 [14].

Conferences:

• Alessio Bazzica, Cynthia C. S. Liem, Alan Hanjalic. Exploiting instrument-wise
playing/non-playing labels for score synchronization of symphonic music. Inter-
national Society for Music Information Retrieval Conference (ISMIR) (2014) - Chap-
ter 3 [12].

Workshops:

• Cynthia C. S. Liem, Alessio Bazzica, Alan Hanjalic. Looking beyond sound: unsu-
pervised analysis of musician videos. International Workshop on Image and Audio
Analysis for Multimedia Interactive Services (2013) - Chapter 2 [58].

• Alessio Bazzica, Jan C. van Gemert, Cynthia C. S. Liem, Alan Hanjalic. Vision-based
Detection of Acoustic Timed Events: a Case Study on Clarinet Note Onsets Interna-
tional Workshop on Deep Learning for Music, in conjunction with the International
Joint Conference on Neural Networks (2017) - Chapter 6 [15].
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LOOKING BEYOND SOUND:

UNSUPERVISED ANALYSIS OF

MUSICIAN VIDEOS

As a first step, we investigate how to represent musicians’ movements, aiming to match
motion features to the characteristics of the analyzed musical performance. To this end,
we introduce a feature, named Motion Orientation Histograms, that encodes global move-
ments as a sequence of vectors in a low-dimensional and interpretable space. We then per-
form unsupervised visual analysis on jam session audiovisual recordings, which leads to
explainable correlations, both when motion novelty is compared to structural annotations
ans also when compared to isolated audio track note onset density.

This chapter was published as: Cynthia C. S. Liem, Alessio Bazzica, Alan Hanjalic. Looking beyond sound: un-
supervised analysis of musician videos. International Workshop on Image and Audio Analysis for Multimedia
Interactive Services, 2013. Alessio Bazzica gave a major contribution to the scientific and technical part of the
paper.
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When making music, a musician will move. In general, muscular action is needed
in order to have an instrument producing the desired musical sounds. On top of this,
the musician’s experience of the played piece may trigger additional movement, or in-
fluence the movement necessary for sound production. Hence, when looking at a per-
forming musician, there will be visual cues regarding developments over the course of
the performed musical piece, which will influence an audience member’s perception of
the musical interpretation [96].

Traditionally, audio analysis is employed to characterize the timeline of a recorded
musical piece. A common way to detect new or novel events over time, such as the
occurrence of structural boundaries, is to compute frame-level features such as Mel-
Frequency Cepstral Coefficients (MFCCs) or chromagrams, followed by a self-similarity
analysis [37]. However, in order for these features to give convincing results, they should
show sufficient variation throughout the recording. This is not the case for music in
which timbre and harmonic content do not develop much throughout a piece. For in-
stance, this frequently happens in jam sessions, when a fixed chord scheme is followed
and differentiation between musical sections is based on alternating improvised solo
parts.

In this chapter, we aim to take a step forward regarding this problem by considering
movement of musicians over the course of their performance. We study this information
based on video data, since, in practical situations, the visual channel is a straightforward
modality to record in a non-obtrusive way.

Our approach is driven by the interest to find generally applicable movement de-
scriptors, allowing for overall unsupervised timeline indexing of a performance, charac-
terizing highlights and sectional changes over the course of the performance, and sup-
porting or complementing information on this as obtained from audio analysis. As such,
our techniques are meant to ultimately support non-linear access scenarios.

This chapter is outlined as follows: in Section 2.1, we discuss related work. We then
present our visual analysis approach and its rationale in Section 2.2. After this, we present
the data used for our current case study in Section 2.3, after which results are discussed
in Section 2.4. Finally, general conclusions and an outlook to future work are presented
in Section 2.5.

2.1. RELATED WORK
Many existing studies on characteristics of music-related movement have involved ges-
tural analysis. For example, Wanderley [101] and Caramiaux et al. [20] investigate the
consistency and parsing of ancillary gestures (i.e., gestures related to the instrument
which are not caused because of sound production) by instrumental musicians. Studies
on music-induced motion in listeners rather than performers have been conducted by
Nymoen et al. [74]. Typically, for gesture-oriented work 3D motion capture data is used,
and due to the generated large amount of sensor data, detailed analysis can often just
be feasibly performed on short excerpts. As pointed out by Godøy and Jensenius [42], in
this direction of work, video processing methods for extracting features of music-related
body movement still are generally lacking.

An exception is the work started by Gillet and Richard in [40], and expanded in McGuin-
ness et al. [65], where the aim was to transcribe drum sequences from video recordings of
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performers. Given this goal, the focus was on classification of highly instrument-specific
events. As mentioned before, in our current work, we aim at taking a more general per-
spective on visual information conveyed by performing musicians. Therefore, we will
not focus on classification of specific events, nor will we explicitly strive to only analyze
ancillary or expressive movements.

2.2. VISUAL ANALYSIS
Given a set of video recordings of performing musicians, we aim to extract a series of vi-
sual novelty points over time, relating to the temporal development of the musical per-
formance. We do not wish to depend on a specific set of instruments, and wish to be
as flexible as possible regarding characteristic individual motion patterns of musicians.
Therefore, we focus on analyzing motion patterns rather than the shape of objects, with-
out restricting to a pre-defined vocabulary of motion patterns, nor attempting to estab-
lish such an explicit vocabulary. Regarding the video setup, we require that the video is
recorded with a stationary camera, but do not put any specific restriction on position-
ing of players, instruments and cameras otherwise. The only further requirements are
that moving objects are not completely occluded, and that the motion is not uniquely
occurring along a spectator’s line of sight.

We aim to efficiently detect any moving object with relation to the music (thus, ob-
jects associated to the player or his instrument). Many such objects may move at the
same time, and each object can move in a specific direction. For instance, a drummer
can hit a snare drum while triggering the hi-hat with the pedal. In order to encode a
variable number of moving objects moving towards any direction, we choose to detect
region of interests (ROIs) adopting the approach of Bradski et al. [17]. First, recent mo-
tion is encoded as a motion-history image (MHI) accumulating thresholded frame dif-
ferences (e.g., see Figure 2.1). Then, each MHI is segmented according to an iterative
algorithm called downward stepping floodfill: the most recent motion is progressively
connected to the older through a sequence of gradient descent steps. When two differ-
ent objects are moving, they usually lead to two different floodfill regions. Each of these
is used as ROI and encoded as a silhouette mask moving towards a specific direction.

Inspired by Davis [26], we iterate over the extracted ROIs to build a histogram of mo-
tion orientations per frame (see Figure 2.2). The bins are assigned quantizing the orien-
tation in 12 sectors, and the area is measured as the number of silhouette pixels within
the ROI. To encode temporal development, we then apply a 2-seconds sliding window,
summing together the histograms of frames within the window into a single 12-bin vec-
tor. The resulting vector is expanded adding a “no motion flag” which is set to 1 if all the
bins are zero — i.e., no ROI has been extracted in the past 2 seconds (see Figure 2.3).

Based on the summed histogram features, we wish to detect significant visual mo-
tion variations over time. For this, two properties are particularly useful, the first be-
ing “classical” novelty: the measure of temporal change as proposed by Foote [37], ob-
tained from self-similarity matrix analysis employing a checkerboard kernel. For this,
we employ the cosine distance, and use a Gaussian checkerboard kernel of 20 seconds
to compare motion patterns in the near past and future1. The second useful property is

1This wide kernel is chosen to favor coarse development over short-time details.
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Figure 2.1: Motion History Image of a drummer in performance.

the overall amount of motion, which simply can be computed by summing together the
contributions of the 12 histogram bins at each point in time.

Finally, we compute our visual novelty curve by combining the degree of “classical”
novelty with the degree of motion. For this, we normalize both measures, and simply
multiply them frame-by-frame. This results in a function which peaks when there is a lot
of novelty and a lot of motion.

2.3. DATA
For our current study, we use a dataset with multi-track studio recordings of live per-
formances in swing, blues and funk styles, released by Abeßer et al. [1].2 The dataset
consists of multi-track recordings of 3 combos of 3 musicians, playing guitar, bass guitar
and drums. Each of the combos is recorded during a session in which swing, blues and
funk styles are performed. For each of the styles, improvised solo parts occur,3 which are
annotated in the dataset. Together with the multi-track audio recordings, video material
is released with the dataset, showing each of the musicians during their performance in
a single, static shot.

Regarding the recorded data, we cut out the excerpts from the sessions which actually
corresponded to the featured styles, removing breaks and intermediate talking, thus re-
taining 70 minutes of recorded material. We then manually synchronized the video and
audio streams in the dataset, ensuring that any possible temporal deviation remained
under 0.5 seconds.

The multi-track audio recordings consisted of many separate audio tracks: one for
the bass, two for the guitar, and six for the drums. As we do not assume that so many
tracks per instrument will be available in future work beyond this case study, we mixed4

2https://goo.gl/H7rGEY
3As such, there will not be a notated score, and every performance will create a new piece that was not played

before.
4In all cases, we mixed together the tracks by simply adding them up, and correcting the peak level to be at 0.0

https://goo.gl/H7rGEY
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Figure 2.2: Motion Orientation Histograms.

Figure 2.3: Encoding sequences of motion pattern descriptors
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these together for each instrument, and as a full mix involving all instruments.
The original dataset provided structural session annotations at the full-second reso-

lution. Respecting this resolution, we corrected annotated boundaries to have them start
and end with an acoustic event. To allow deeper analysis, we made additional manual
annotations, marking every 4 beats (“a bar”) and the starts of repeated chord schemes or
cells (“a cycle”).5.

2.4. RESULTS AND DISCUSSION
While the dataset in our current study is small (but rich), the observed behavior of our
proposed analysis method with regard to this dataset is promising. Over time, the mo-
tion orientation histograms and their derived visual novelty show explainable patterns
with respect to the structural annotations. Furthermore, they give indications of inter-
nal development throughout a performance, even if timbre and instrumentation will not
vary much over the course of the piece.

A good illustration of this can be seen in Figure 2.4, which shows motion histograms
and overlayed visual novelty graphs for the instrumentalist videos of the second combo
in the dataset, playing in Funk style.6 This particular Funk session was striking, since it
was entirely based on a one-bar, continuously repeated cell in the bass guitar. Despite
this constant foundation, the movement behavior of the instrumentalists is not uniform.
Peaking behavior in the novelty curves intensifies when an instrumentalist has the solo
role.

In order to verify to what extent our visual novelty curve reflects information already
present in the audio channel, we wished to compare our visual novelty curves to a repre-
sentative audio-based descriptor. As, due to our data genre, timbre- or harmony-based
descriptors would not be as suitable as usual, we chose a more low-level feature. This
feature was computed by running an onset detector on each mixed audio track, and
then summing the energy contributions of every detected onset peak per second in the
recording. We considered the resulting onset intensity feature to be a reasonable approx-
imation of the auditory event density in the tracks.

For every video recording, we computed Pearson’s correlation coefficient between
the visual novelty curve and two onset intensity vectors: the vector computed from the
instrument-specific mixed audio track, and the vector computed from the full ensemble-
mixed audio track. Results for instrument-specific tracks are shown in Table 2.1, while
those for full ensemble mixes are shown in Table 2.2.

From the correlation values, we can conclude that the visual novelty information is
largely complementary to onset intensity information, with the exception of the drums
player. This is explainable, since the drums player cannot move a lot beyond direct in-
teraction with the instrument. From similar reasoning, the generally poor correlation of
the bass guitar player with the onset intensity information can be explained: the truly
instrument-related movement on a bass guitar is more subtle than other movement
made by the player, such as foot-tapping along with the music. While the latter action

dB.
5We release these annotations at http://homepage.tudelft.nl/04d13/wiamis2013.html
6Additional illustrations and examples for other recordings in the dataset are given at the website mentioned

in Footnote 5.

http://homepage.tudelft.nl/04d13/wiamis2013.html
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(a) Motion histograms and visual novelty: guitar

(b) Motion histograms and visual novelty: bass

(c) Motion histograms and visual novelty: drums

Figure 2.4: Motion features (histograms with visual novelty overlayed) for group 2, Funk style session. Verti-
cal white lines indicate structural boundaries as annotated in the original dataset. Vertical dashed grey lines
indicate additional notes as described in Footnote 5.
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Blues Funk Swing

Group 1 Bass 0.073 -0.088 -0.245
Guitar 0.350 0.251 -0.081
Drums 0.280 0.382 0.475

Group 2 Bass 0.151 -0.088 -0.179
Guitar 0.248 0.184 0.047
Drums 0.325 0.518 0.538

Group 3 Bass -0.0507 -0.012 -0.201
Guitar 0.095 0.210 -0.052
Drums 0.204 0.196 0.612

Table 2.1: Pearson’s correlation coefficient for visual novelty with onset intensity of instrument audio mix.

Blues Funk Swing

Group 1 Bass 0.113 -0.103 -0.138
Guitar 0.367 0.130 -0.022
Drums 0.263 0.299 0.232

Group 2 Bass 0.170 0.034 0.098
Guitar 0.315 0.140 0.015
Drums 0.376 0.508 0.492

Group 3 Bass -0.068 0.111 0.117
Guitar 0.195 0.170 0.048
Drums 0.213 0.250 0.562

Table 2.2: Pearson’s correlation coefficient for visual novelty with onset intensity of full audio mix.
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is not causing sound production, it is synchronized to the music and a sign of entrain-
ment, and as such still related to the music jointly made by the ensemble. While it needs
further investigation, we conjecture that this can be an explanation that correlation coef-
ficients with the onset intensities of full ensemble mixes are generally higher than those
computed for the individual instrumental mixes.

We noted over multiple recordings that novelty peak maxima indicate major body
movement, such as a posture change. Once again, these changes are often in sync with
the music, and are related to events in the performance (e.g., picking up a plectrum for
an intensified solo part). However, they cannot be fully discerned from truly incidental
movement yet, so this needs further consideration in follow-up work.

2.5. CONCLUSIONS AND FUTURE WORK
We presented unsupervised visual analysis techniques for videos of performing musi-
cians. Our initial observations show that explainable results are yielded, which can char-
acterize events and entrainment throughout a performance for different players, and in
certain cases complement audio channel information.

One of our priorities in future work will be to establish more quantitative strategies
to evaluate feature performance. A clear-cut ground truth does not exist for this type of
performance characterization: we do not aim to detect exact structural boundaries, but
to clarify development and variation, and find novel events within these boundaries. It
is challenging but interesting to devise appropriate measures for this.

Having seen promising initial results on jam session data, we now plan to expand
our analysis to performances in other genres, with larger numbers of musicians. An at-
tractive property of using video data is that it takes physical space into account: even
in a video featuring multiple musicians at the same time, it is straightforward to study
sub-groups or individuals, by just defining an appropriate subset of pixels. This is less
trivial for audio data: if contributions of sub-groups within an ensemble are to be stud-
ied there, these need to be have been recorded in separate tracks, or source separation
techniques will have to be applied. We therefore hope to find more opportunities to use
visually-based analysis to support and enhance musical performance analysis.





3
EXPLOITING INSTRUMENT-WISE

PLAYING/NON-PLAYING LABELS

FOR SCORE SYNCHRONIZATION OF

SYMPHONIC MUSIC

The results in the previous chapter encourage us to move from pieces performed by a
few players to larger ensembles. We therefore consider classical music videos, in which
there are dozens of different instruments and even more players. Differently from the jam
session recordings, typical symphonic orchestra videos are recorded from multiple view
points and with moving cameras. Preliminary experiments using Motion Orientation
Histograms on these videos taught us that the feature is not suitable in this case, since
musicians appear at different scales, from different viewpoints and camera movements
make the feature too noisy. Hence, in this chapter, we look for a different, yet musically
relevant, information to extract. Namely, we investigate whether sequences of “playing”
(P) and “non-playing” (NP) labels are of any value in Music IR. We do this by conduct-
ing a performance-to-score synchronization experiment on synthetic data using a cor-
pus of MIDI files and simulating different types of error that a vision-based P/NP detector
can generate. The results show that a coarse synchronization is possible using the visual
channel of the video only, indicating that addressing the vision-based labeling problem is
worth pursuing.

This chapter was published as: Alessio Bazzica, Cynthia C. S. Liem, Alan Hanjalic. Exploiting instrument-wise
playing/non-playing labels for score synchronization of symphonic music. International Society for Music
Information Retrieval Conference, 2014
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Figure 3.1: An illustration of the representation of a symphonic music piece using the matrix of playing/non-
playing labels.

Synchronizing an audio recording to a symbolic representation of the performed
musical score is beneficial to many tasks and applications in the domains of music anal-
ysis, indexing and retrieval, like audio source separation [32, 45], automatic accompani-
ment [25], sheet music-audio identification [39] and music transcription [93]. As stated
in [38], “sheet music and audio recordings represent and describe music on different
semantic levels” thus making them complementary for the functionalities they serve.

The need for effective and efficient solutions for audio-score synchronization is es-
pecially present for genres like symphonic classical music, for which the task remains
challenging due to the typically long duration of the pieces and a high number of instru-
ments involved [24]. The existing solutions usually turn this synchronization problem
into an audio-to-audio alignment one [70], where the score is rendered in audio form
using its MIDI representation.

In this chapter, we investigate whether sequences of playing (P) and non-playing
(NP) labels, extracted per instrument continuously over time, can alternatively be used
to synchronize a recording of a music performance to a MIDI file. At a given time stamp,
the P (NP) label is assigned to an instrument if it is (not) being played. If such labels
are available, a representation of the music piece as illustrated in Figure 3.1 can be ob-
tained: a matrix encoding the P/NP “state” for different instruments occurring in the
piece at subsequent time stamps. Investigating the potential of this representation for
synchronization purposes, we will address the following research questions:

• RQ1: How robust is P/NP-based synchronization in case of erroneous or missing
labels?

• RQ2: How does synchronizing P/NP labels behave at different time resolutions?

We are particularly interested in this representation, as P/NP information for orches-
tra musicians will also be present in the signal information of a recording. While such
information will be hard to obtain from the audio channel, it can be obtained from the
visual channel. Thus, in case an audiovisual performance is available, using P/NP infor-
mation opens up possibilities for video-to-score synchronization as a means to solve a
score-to-performance synchronization problem.
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Figure 3.2: Example of a MPNP matrix with missing labels.

The rest of the chapter is structured as follows. In Section 3.1, we formulate the
performance-to-score synchronization problem in terms of features based on P/NP la-
bels. Then, we explain how the P/NP matrix is constructed to represent the score (Sec-
tion 3.2) and we elaborate on the possibilities for extracting the P/NP matrix to represent
the analyzed performance (Section 3.3). In Section 3.4 we propose an efficient method
for solving the synchronization problem. The experimental setup is described in Sec-
tion 3.5 and in Section 3.6 we report the results of our experimental assessment of the
proposed synchronization methodology and provide answers to our research questions.
The discussion in Section 3.7 concludes the chapter.

3.1. PROBLEM DEFINITION
Given an audiovisual recording of a performance and a symbolic representation of the
performed scores, we address the problem of synchronizing these two resources by ex-
ploiting information about the instruments which are active over time.

Let L = {°1,0,1} be a set encoding the three labels non-playing (NP), missing (X) and
playing (P). Let MPNP = {mi j } be a matrix of NI £NT elements where NI is the number of
instruments and NT is the number of time points at which the P/NP state is observed.
The value of mi j 2 L represents the state of the i -th instrument observed at the j -th time
point (1 ∑ i ∑ NI and 1 ∑ j ∑ NT). An example of MPNP is given in Figure 3.2.

We now assume that the matrices M AV
PNP and M S

PNP are given and represent the P/NP
information respectively extracted by the audiovisual recording and the sheet music.
The two matrices have the same number of rows and each row is associated to each
instrumental part. The number of columns, i.e., observations over time, is in general dif-
ferent. The synchronization problem can be then formulated as the problem of finding
a time map fs ync : {1 . . . N AV

T } ! {1 . . . N S
T} linking the observation time points of the two

resources.

3.2. SCORE P/NP REPRESENTATION
For a given piece, we generate one P/NP matrix M S

PNP for the score relying on the corre-
sponding MIDI file as the information source.

We start generating the representation of the score by parsing the data of each avail-
able track in the given MIDI file. Typically, one track per instrument is added and is used
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Figure 3.3: Example of P/NP labels extracted from the visual channel (red dots) and compared to labels ex-
tracted by the score (blue line).

as a symbolic representation of the instrumental part’s score. More precisely, when there
is more than one track for the same instrument (e.g., Violin 1, Violin 2 - which are two
different instrumental parts), we keep both tracks as separate. In the second step, we
use a sliding window that moves along the MIDI file and derive a P/NP label per track
and window position. A track receives a P label if there is at least one note played within
the window. We work with the window in order to comply with the fact that a played
note has a beginning and end and therefore lasts for an interval of time. In this sense, a
played note is registered when there is an overlap between the sliding window and the
play interval of that note.

The length of the window is selected such that short rests within a musical phrase do
not lead to misleading P-NP-P switches. We namely consider a musician in the “play”
mode if she is within the “active” sequence of the piece with respect to her instrumental
part’s score, independently whether at some time stamps no notes are played. In our
experiments, we use a window length of 4 seconds which has been determined by em-
pirical evaluation, and a step-size of 1 second. This process generates one label per track
every second.

In order to generalize the parameter setting for window length and offset, we also
related them to the internal MIDI file time unit. For this purpose, we set a reference value
for the tempo. Once the value is assigned, the sliding window parameters are converted
from seconds to beats. The easiest choice is adopting a fixed value of tempo for every
performance. Alternatively, when an audiovisual recording is available, the reference
tempo can be estimated as the number of beats in the MIDI file divided by the length of
the recording expressed in minutes. A detailed investigation of different choices of the
tempo is reported in [39].

3.3. PERFORMANCE P/NP REPRESENTATION

While an automated method could be thought of to extract the P/NP matrix M AV
PNP from

a given audiovisual recording, developing such a method is beyond the scope of this
chapter. Instead, our core focus is assessing the potential of such a matrix for synchro-
nization purposes, taking into account the fact that labels obtained from real-world data
can be noisy or even missing. We therefore deploy two strategies which mimic the auto-
mated extraction of the M AV

PNP matrices. We generate them: (i) artificially, by producing
(noisy) variations of the P/NP matrices derived from MIDI files (Section 3.3.1), and (ii)
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Figure 3.4: Examples of body poses indicating playing/non-playing state of a musician.

more realistically, by deriving the labels directly from the visual channel of a recording
in a semi-automatic way (Section 3.3.2).

3.3.1. GENERATING SYNTHETIC P/NP MATRICES

The first strategy produces synthetic P/NP matrices by analyzing MIDI files as follows.
Similarly to the process of generating a P/NP matrix for the score, we apply a sliding win-
dow to the MIDI file and extract labels per instrumental track at each window position.
This time, however, time is randomly warped, i.e., the sliding window moves over time
with non-constant velocity. More specifically, we generate random time-warping func-
tions by randomly changing slope every 3 minutes and by adding a certain amount of
random noise in order to avoid perfect piecewise linear functions. In a real audiovisual
recording analysis pipeline, we expect that erroneous and missing P/NP labels will oc-
cur. Missing labels may occur if musicians cannot be detected, e.g., because of occlusion
or leaving the camera’s angle of view in case of camera movement. In order to simulate
such sources of noise, we modify the generated P/NP tracks by randomly flipping and/or
deleting pre-determined amounts of labels at random positions of the P/NP matrices.

3.3.2. OBTAINING P/NP MATRICES FROM A VIDEO RECORDING

The second strategy more closely mimics the actual video analysis process and involves a
simple, but effective method that we introduce for this purpose. In this method, we build
on the fact that video recordings of a symphonic music piece are typically characterized
by regular close-up shots of different musicians. From the key frames representing these
shots, as illustrated by the examples in Figure 3.4, it can be inferred whether they are
using their instrument at that time stamp or not, for instance by investigating their body
pose [106].

In the first step, a key frame is extracted every second in order to produce one label
per second, as in the case of the scores. Faces are detected via off-the-shelf face de-
tectors and upper-body images are extracted by extending the bounding box’s areas of
face detector outputs. We cluster the obtained images using low-level global features
encoding color, shape and texture information. Clustering is done using k-means with
the goal to isolate images of different musicians. In order to obtain high precision, we
choose a large value for k. As a result, we obtain clusters mostly containing images of the
same musician, but also multiple clusters for the same musician. Noisy clusters (those
not dominated by a single musician) are discarded, while the remaining are labeled by
linking them to the correspondent track of the MIDI file (according to the musician’s in-
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(a) Ten Holt et al. (b) our method

(c) Ten Holt et al. (d) our method

Figure 3.5: Comparing our distance matrix definition to Ten Holt et al. [90]. The first row corresponds to a
noisy MPNP matrix, the second to a very noisy one. By visual inspection, we observe comparable alignment
performances. However, the computation of our distance matrix is much faster.

strument and position in the orchestra, i.e., the instrumental part). In order to label the
upper-body images as P/NP, we generate sub-clusters using the same features as those
extracted in the previous (clustering) step. Using once again k-means, but now with k
equal to 3 (one cluster meant for P labels, one for NP and one extra label for possible
outliers), we build sub-clusters which we label as either playing (P), non-playing (NP) or
undefined (X). Once the labels for every musician are obtained, they are aggregated by
instrumental part (e.g., the labels from all the Violin 2 players are combined by major-
ity voting). An example of a P/NP subsequence extracted by visual analysis is given in
Figure 3.3.
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3.4. SYNCHRONIZATION METHODOLOGY

In this section, we describe the synchronization strategy used in our experiments. The
general idea is to compare configurations of P/NP labels for every pair of performance-
score time points and produce a distance matrix. The latter can then serve as input into
a synchronization algorithm, for which we adopt the well-known dynamic time warp-
ing (DTW) principle. This implies we will not be able to handle undefined amounts of
repeats of parts of the score. However, this is a general issue for DTW also holding for ex-
isting synchronization approaches, which we consider out of the scope of this chapter.

In order to find the time map between performance and score, we need to solve the
problem of finding time links between the given M AV

PNP and M S
PNP matrices. To this end,

we use a state-of-the-art DTW algorithm [90].

3.4.1. COMPUTING THE DISTANCE MATRIX

Ten Holt et al. [90] compute the distance matrix through the following steps: (i) both
dimensions of the matrices are normalized to have zero mean and unit variance, (ii)
optionally a Gaussian filter is applied, and (iii) pairs of vectors are compared using the
city block distance. In our case, we take advantage of the fact that our matrices contain
values belonging to the finite set of 3 different integers, namely the set L introduced in
Section 3.1. This enables us to propose an alternative, just as effective, but more efficient
method to compute the distance matrix.

Let mAV
j and mS

k be two column vectors respectively belonging to M AV
P N P and M S

P N P .
To measure how (dis-)similar those two vectors are, we define a correlation score s j k as
follows:

s j k = corr(mAV
j ,mS

k ) =
NIX

i=1
mAV

i j ·mS
i k

From such definition, it follows that a pair of observed matching labels add a positive
unitary contribution. If the observed labels do not match, the added contribution is
unitary and negative. Finally, if one or both labels are not observed (i.e., at least one of
them is X), the contribution is 0. Hence, it also holds °NI ∑ s j k ∑+NI. The maximum is
reached only if the two vectors are equal. Correlation scores can be efficiently computed
as dot-product of the given P/NP matrices, namely as (M AV

PNP)>M S
PNP.

The distance matrix D = {d j k }, whose values are zero when the compared vectors are
equal, can now be computed as d j k = NI ° s j k . As a result, D will have N AV

T rows and N S
T

columns. When the correlation is the highest, namely equal to NI, the distance will be
zero.

Our approach has two properties that make the computation of D fast: D is com-
puted via the dot product and it contains integer values only (as opposed to standard
methods based on real-valued distances). As shown in Figure 3.5, both the distance ma-
trix proposed in [90] and using our definition produce comparable results. Since our
method allows significantly faster computation (up to 40 times faster), we adopt it in our
experiments.
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Figure 3.6: Example of produced alignment between two fully-observed MPNP matrices.

3.4.2. DYNAMIC TIME WARPING

Once the distance matrix D is computed, the time map between M AV
PNP and M S

PNP is deter-
mined by solving the optimization problem: P? = argminP cost(D,P ) where P = {(p` 
p`+1)} is a path through the items of D having a cost defined by the function cost(D,P ).
More specifically, p` = (i AV

`
, i S
`

) is a coordinate of an element in D . The cost function

is defined as cost(D,P ) = P|P |
`=1 di AV

`
,i S
`

The aforementioned problem is efficiently solved

via dynamic programing using the well-known dynamic time warping (DTW) algorithm.
Examples of P? paths computed via DTW are shown in Figure 3.5.

Once P? is found, the time map fs ync is computed through the linear interpolation
of the correspondences in P?, i.e., the set of coordinates {p?

`
= (i AV

`
, i S
`

)}. This map al-
lows to define correspondences between the two matrices, as shown in the example of
Figure 3.6.

3.5. EXPERIMENTAL SETUP
In this section, we describe our experimental setup including details about the dataset.
In order to ensure the reproducibility of the experiments, we release the code and share
the URLs of the analyzed freely available MIDI files1.

We evaluate the performances of our method on a set of 29 symphonic pieces com-
posed by Beethoven, Mahler, Mozart and Schubert. The dataset consists of 114 MIDI
files. Each MIDI file contains a number of tracks corresponding to different parts per-

1http://homepage.tudelft.nl/f8j6a/ISMIR2014baz.zip

http://homepage.tudelft.nl/f8j6a/ISMIR2014baz.zip
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Figure 3.7: Distribution of the number of instrumental parts across performances in the data set.

formed in a symphonic piece. For instance, first and second violins are typically encoded
in two different parts (e.g., “Violin 1” and “Violin 2”). In such a case, we keep both tracks
separate since musicians in the visual channel can be labeled according to the score
which they perform (and not just by their instrument). We ensured that the MIDI files
contain tracks which are mutually synchronized (i.e., MIDI files of type 1). The num-
ber of instrumental parts, or MIDI tracks, ranges between 7 and 31 and is distributed as
shown in Figure 3.7.

For each MIDI file, we perform the following steps. First, we generate one M S
PNP ma-

trix using a fixed reference tempo of 100 BPM. The reason why we use the same value
for every piece is that we evaluate our method on artificial warping paths, hence we do
not need to adapt the sliding window parameters to any actual performance. Then we
generate one random time-warping function which has two functions: (i) it is used as
ground-truth when evaluating the alignment performance, and (ii) it is used to make
one time-warped P/NP matrix M AV

PNP. The latter is used as template to build noisy copies
of M AV

PNP and evaluate the robustness of our method. Each template P/NP matrix is used
to generate a set of noisy P/NP matrices which are affected by different pre-determined
amounts of noise. We consider two sources of noise: mistaken and missing labels. For
both sources, we generate the following percentages of noisy labels: 0% (noiseless), 2%,
5%, 10%, 20%, 30%, 40% and 50%. For every pair of noise percentages, e.g., 5% mistaken
+ 10% missing, we create 5 different noisy versions of the original P/NP matrix2. There-
fore, for each MIDI file, the final set of matrices has the size 1+(8£8°1)£5 = 316. Overall,
we evaluate the temporal alignment of 316£114 = 36024 P/NP sequences.

For each pair of MPNP matrices to be aligned, we compute the matching rate by sam-
pling fs ync and measuring the distance from the true alignment. A match occurs when
the distance between linked time points is below a threshold. In our experiments, we
evaluate the matching rate using three different threshold values: 1, 2 and 5 seconds.

Finally, we apply the video-based P/NP label extraction strategy described in Sec-
tion 3.3.2 to a multiple camera video recording of the 4th movement of Symphony no. 3
op. 55 of Beethoven performed by the Royal Concertgebouw Orchestra (The Nether-
lands). For this performance, in which 54 musicians play 19 instrumental parts, we use
the MIDI file and the correspondent performance-score temporal alignment file which
are shared by the authors of [44]. The latter is used as ground truth when evaluating the
synchronization performance.

2We do not add extra copies for the pair (0%,0%), i.e., the template matrix.
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3.6. RESULTS
In this section, we present the obtained results and provide answers to the research ques-
tions posed at the beginning of this chapter. We start by presenting in Figure 3.8 the
computed matching rates in 3 distinct matrices, one for each threshold value. Given a
threshold, the overall matching rates are reported in an 8£8 matrix since we separately
compute the average matching rate for each pair of mistaken-missing noise rates.

Overall, we see two expected effects: (i) the average matching rate decreases for
larger amounts of noise, and (ii) the performance increases with the increasing thresh-
old. What was not expected is the fact that the best performance is not obtained in the
noiseless case. For instance, when the threshold is 5 seconds, we obtained an average
matching rate of 81.7% in the noiseless case and 85.0% in the case of 0% mistaken and
10% missing labels. One possible explanation is that 10% missing labels could give more
“freedom” to the DTW algorithm than the noiseless case. Such freedom may lead to a
better global optimization. In order to fully understand the reported outcome, however,
further investigation is needed, which we leave for future work.

As for our first research question, we conclude that the alignment through P/NP se-
quences is more robust to missing labels than to mistaken ones. We show this by the
fact that the performance for 0% mistaken and 50% missing labels are higher than in
the opposite case, namely for 50% mistaken and 0% missing labels. In general the best
performance is obtained for up to 10% mistaken and 30% missing labels.

In the second research question we address the behavior at different time resolu-
tions. Since labels are sampled every second, it is clear why acceptable matching rates
are only obtained at coarse resolution (namely for a threshold of 5 seconds).

Finally, we comment on the results obtained when synchronizing through the P/NP
labels assigned via visual analysis. The P/NP matrix, shown in Figure 3.9a, is affected by
noise as follows: there are 53.95% missing and 8.65% mistaken labels.

We immediately notice the large amount of missing labels. This is mainly caused by
the inability to infer a P/NP label at those time points when all the musicians of a certain
instrumental part are not recorded. Additionally, some of the image clusters generated
as described in Section 3.3.2 are not pure and hence labeled as X.

The obtained synchronization performance at 1, 2 and 5 seconds of tolerance are
respectively 18.74%, 34.49% and 60.70%. This is in line with the results obtained with
synthetic data whose performance at 10% of mistaken labels and 50% of missing for the
three different tolerances are 24.3%, 44.2% and 65.9%. Carrying out the second experi-
ment was also useful to get insight about the distribution of missing labels. By inspecting
Figure 3.9a, we notice that such a type of noise is not randomly distributed. Some mu-
sicians are sparsely observed over time hence leading to missing labels patterns which
differ from uniform distributed random noise.

3.7. DISCUSSION
In this chapter, we presented a novel method to synchronize score information of a sym-
phonic piece to a performance of this piece. In doing this, we used a simple feature (the
act of playing or not) which trivially is encoded in the score, and feasibly can be obtained
from the visual channel of an audiovisual recording of the performance. Unique about
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(a) Tolerance: 1 second.

(b) Tolerance: 2 seconds.

(c) Tolerance: 5 seconds.

Figure 3.8: Average matching rates as a function of the percentage of mistaken and/or missing labels at differ-
ent tolerance thresholds.
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SYNCHRONIZATION OF SYMPHONIC MUSIC

(a) MAV
PNP and MS

PNP matrices.

(b) DTW result and ground-truth.

Figure 3.9: Real data example: synchronization results by exploiting P/NP labels derived by a video recording.
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our approach is that both for the score and the performance, we start from measuring
individual musician contributions, and only then aggregate up to the full ensemble level
to perform synchronization. This makes a case for using the visual channel of an audio-
visual recording. In the audio channel, which so far has predominantly been considered
for score-to-performance synchronization, even if separate microphones are used per
instrument, different instruments will never be fully isolated from each other in a re-
alistic playing setting. Furthermore, audio source separation for polyphonic orchestral
music is far from being solved. However, in the visual channel, different players are sep-
arated by default, up to the point that a first clarinet player can be distinguished from a
second clarinet player, and individual contributions can be measured for both.

Our method still works at a rough time resolution, and lacks the temporal sub-second
precision of typical audio-score synchronization methods. However, it is computation-
ally inexpensive, and thus can quickly provide a rough synchronization, in which in-
dividual instrumental part contributions are automatically marked over time. Conse-
quently, interesting follow-up approaches could be devised, in which cross- or multi-
modal approaches might lead to stronger solutions, as already argued in [59, 30].

For the problem of score synchronization, a logical next step is to combine our anal-
ysis with typical audio-score synchronization approaches, or approaches generally re-
lying on multiple synchronization methods, such as [33], to investigate whether a com-
bination of methods improves the precision and efficiency of the synchronization pro-
cedure. Our added visual information layer can further be useful for devising structural
performance characteristics, e.g., the occurrence of repeats. Our general synchroniza-
tion results will also be useful for source separation procedures, since the obtained P/NP
annotations indicate active sound-producing sources over time. Furthermore, results
of our method can serve applications focusing on studying and learning about musical
performances. We can easily output an activity map or multidimensional time-scrolling
bar, visualizing which orchestra parts are active over time in a performance. Informa-
tion about expected musical activity across sections can also help directing the focus of
an audience member towards dedicated players or the full ensemble.

Finally, it will be interesting to investigate points where P/NP information in the vi-
sual and score channel clearly disagree. For example, in Figure 3.3, some time after the
flutist starts playing, there is a moment where the score indicates a non-playing interval,
while the flutist keeps a playing pose. We hypothesize that this indicates that, while a
(long) rest is notated, the musical discourse actually still continues. While this also will
need further investigation, this opens up new possibilities for research in performance
analysis and musical phrasing, broadening the potential impact of this work even fur-
ther.
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Chapter 3 indicates that information on whether a musician in a large symphonic orches-
tra plays her instrument at a given time stamp or not is valuable for performance-to-score
synchronization. This result motivates us to address the challenges of devising a vision-
based system that extracts sequences of playing/non-playing (P/NP) labels per musician
from symphonic orchestra video recordings. Such a system must deal with multiple or sin-
gle cameras, moving or static ones, occlusions and clutter. Each scene must be segmented,
and musicians must be recognized across cameras and viewpoints. Conductor and audi-
ence must be excluded from the P/NP labeling step. Even if one were to combine all the
most recent breakthroughs in deep learning, designing such a system would still be tricky.
Also, following a data-driven approach requires labeled data that is far from being avail-
able. We therefore pursue a semi-automatic annotation strategy aiming to efficiently and
effectively combine automatic analysis and human annotation. Then, in order to identify
the open challenges and the limitations of the proposed method, we carry out a detailed
investigation of how different modules of the system affect the overall performance.

This chapter was published as: Alessio Bazzica, Cynthia C. S. Liem, Alan Hanjalic. On detecting the
playing/non-playing activity of musicians in symphonic music videos. Computer Vision and Image Under-
standing Vol.144, pp. 188-204, March 2016
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Rapidly developing multimedia technology has opened up new possibilities for bring-
ing the full symphonic music concert experience out of the concert hall and into people’s
homes. New emerging platforms, like RCO Editions1 and the Berliner Philharmoniker’s
Digital Concert Hall2 are enriching audiovisual recordings of symphonic music perfor-
mances to make them more informative and accessible offline, in a non-linear fashion
and from multiple perspectives. Such platforms rely on the new generation of automatic
music data analysis solutions. For instance, loudness and tempo can be estimated con-
tinuously over time and visualized as animations [28]. Notes can be detected and ana-
lyzed to reveal and visualize repeated parts of a piece [69]. Sheet music scores can be
synchronized to the audio recording to allow users to follow the scores while listening
to the music [5]. Furthermore, the sound produced by different instruments can be iso-
lated via source separation [34], which could be deployed to zoom in on a particular
instrument or instrumental section [43].

While the solutions mentioned above primarily rely on an analysis of the audio chan-
nel of the performance recording, the visual channel has remained underexploited. In
addition to enabling the development of new functionalities of platforms like RCO Edi-
tions and Berliner Philharmoniker’s Digital Concert Hall not covered by audio analysis,
the analysis of the visual channel could also help to resolve some of the critical chal-
lenges faced by audio analysis. For instance, achieving reliable sound source separation
is challenging in the case of large ensembles where the sound produced by many differ-
ent instruments overlaps both in time and frequency [9].

In this chapter, we focus on the analysis of the visual channel of the audiovisual
recording of a symphonic music performance and address the problem of annotating
the activity of individual musicians with respect to whether they play their instruments
at a given timestamp or not. The envisioned output of the solution we propose in this
chapter is illustrated in Figure 4.1, where playing and non-playing musicians are isolated
as indicated by respectively the green and red rectangles.

Knowing the playing (P) and non-playing (NP) labels for each musician allows the an-
notations of an audiovisual recording to be enriched in a way that is complementary and
supportive to audio-only analysis. For instance, repeats and solo parts could be detected
also by analyzing the sequences of P/NP labels to allow novel non-linear browsing func-
tionalities (e.g., skip to solo trumpets, skip to “tutti”). The problem of performance-to-
score synchronization, which is typically addressed through audio-to-audio alignment
[70], could also be approached in a multimodal fashion by combining state-of-the-art
auditory features and P/NP labels [12].

Related methods operating on the visual channel typically deploy a standard classifi-
cation paradigm and learn visual models for human actions [84, 106]. The disadvantage
of this approach in the problem context of symphonic music concert videos is that the
models may not be generic enough to cover the wide variety of instruments used and the
ways the P/NP activities of individual musicians could be visually recorded. Additionally,
a realistic view at the reliability of solving this classification problem reveals the need for
manual human intervention in order to correct unavoidable classification errors, in par-
ticular in a professional context when high-quality annotation output is required.

1http://www.concertgebouworkest.nl/en/rco-editions/
2http://www.digitalconcerthall.com/

http://www.concertgebouworkest.nl/en/rco-editions/
http://www.digitalconcerthall.com/
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Figure 4.1: Envisioned output of the method proposed in this chapter. Green (red) bounding boxes mark the
musicians that play (don’t play) their instrument at a given time stamp.

The method we propose in this chapter is geared not only towards neutralizing the
disadvantage mentioned above, but also towards incorporating human intervention in
the way that is as efficient and effective as possible. We implement our proposed solu-
tion to assign P/NP labels per musician to the timeline of a symphonic music perfor-
mance as a modular framework so that we can provide answers to the following research
questions:

• RQ1: How reliably can we isolate clusters of images depicting individual musicians
from the keyframes extracted from a music video?

• RQ2: How accurately can sequences of P/NP labels be generated?

• RQ3: What is the tolerance of the proposed framework to errors in different mod-
ules?

• RQ4: Is a static image informative enough to reveal whether a musician is playing
an instrument?

• RQ5: What is the relation between the amount of human intervention and the
quality of the obtained P/NP label sequences?

The chapter is organized as follows. We start by explaining in Section 4.1 the context
in which we operate in this chapter and that characterizes the realization and record-
ing of a typical symphonic music performance. By taking into account the properties



4

38
4. ON DETECTING THE PLAYING/NON-PLAYING ACTIVITY OF MUSICIANS IN SYMPHONIC

MUSIC VIDEOS

Figure 4.2: Excerpt of a score: same instrument, different instrumental parts.

of the work context and the related limitations, we proceed in Section 4.2 by analyzing
the usability of the existing related work and in Section 4.3 by stating our novel contri-
bution and explaining the rationale behind our proposed framework. We introduce the
notation, set the goals and make assumptions in Section 4.4. We present our method in
Section 4.5 elaborating on the realization of different framework modules. After we ex-
plain the experimental setup in Section 4.6, we present our assessment of the framework
in Section 4.7 where we also provide answers to the research questions posed above. We
conclude with a discussion section in which we also present future research directions
(Section 4.8).

4.1. CHARACTERISTICS OF A SYMPHONIC ORCHESTRAL RECORD-
ING

A symphonic orchestra consists of a large number of musicians organized in sections
(string, brass, woodwind or percussion). Sections are further divided into instrumental
parts. Each instrumental part consists of a number of musicians playing one particular
instrument and following a specific musical score. For instance, in Figure 4.2 the instru-
mental parts “Violino I” and “Violino II” play different notes even if the instrument is the
same (violin). According to the scores, when one musician belonging to one instrumen-
tal part is (not) playing, all the other musicians performing the same instrumental part
are expected to be (in-)active as well. This usually holds even in the divisi case3.

Performance recordings may differ depending on several factors like, for instance,
the type of environment (indoor vs. outdoor), the number of cameras and whether cam-
era motion occurs. In this chapter we focus on the indoor case, and we consider two
possible types of recording: single- and multiple-camera recordings. The former is made
from a fixed point of view and with a fixed zoom factor. In this way, the whole ensemble
is always visible and each musician covers the same region of the video frames through-
out the video. The latter typically involves multiple-cameras positioned around and on
the stage, with the possibility to zoom and pan. This type of recording typically serves as
input to a team of experts in order to create an edited video using a script (e.g., “when the
100th bar of the scores starts, the 3rd camera switches to a close-up on the first clarinet
player”). Thereby, the visual channel mainly focuses on (parts of) the orchestra, but can
also show the conductor and the audience in the concert hall.

3http://en.wikipedia.org/wiki/Unison#Divisi
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Figure 4.3: Examples of video frames showing different settings of musicians and their instruments on the
stage during the symphonic music performance.

Both in the single- and multiple-camera recordings, depending on the camera po-
sition, some musicians appear frontally, some non-frontally, and some even from the
back, (fully) occluding their instruments. As illustrated in Figure 4.3, the setting of the
orchestra on the stage is rather dense, resulting in significant occlusion of individual
musicians and their instruments. A video frame taken from the visual recording of the
performance can therefore contain multiple musicians, not necessarily belonging to the
same section or instrumental part.

The characteristics of the context in which we operate, as described above, have sig-
nificant impact on the extent to which we can rely on the existing related work in con-
ceptually developing our proposed solution, but also on the way how we approach the
definition and implementation of the modules of our framework. This will be explained
in more detail in the following sections.

4.2. RELATED WORK
The problem of extracting the sequence of P/NP labels for each musician continuously
over time from an audiovisual recording of a symphonic music performance has not
been directly tackled so far. We explore here, however, the usability of a number of re-
lated approaches.

4.2.1. DETECTING THE PLAYING/NON-PLAYING ACTIVITY
Regarding the detection of P/NP activity in general, we classify the existing work into
hardware-based, score-based, audio-based and vision-based approaches.

APPROACHES BASED ON DEDICATED HARDWARE

Probably the most intuitive approach to inferring the activity of a particular musician
is via dedicated hardware [65, 89]. While theoretically effective, the critical deficiency
of such an approach is that it requires obtrusive settings, which are unnatural in the
work context described in the previous section. For instance, a webcam may need to be
mounted above the vibraphone in order to detect which bars are covered by the mallets
[89].
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SCORE-BASED APPROACHES

An alternative to deploying obtrusive dedicated hardware is to rely on the data from the
regular audiovisual recording, possibly in combination with the available supplemen-
tary material. For instance, the P/NP states could be inferred by analyzing a synchro-
nized music score, that is, by looking at presence of notes and rests in each bar as done
in [12]. Such a method allows to infer P/NP labels for every instrumental part at every
time point. However, as pointed out in [34], even if full scores are freely available for
many classical pieces, they are rarely aligned to a given audio recording. In order to pur-
sue this strategy, the score and the performance recording need to be synchronized using
existing alignment methods [77, 48]. Performing such synchronization can be challeng-
ing, especially in presence of structural variations between the score and the recording
(e.g., omission of repetitions, insertion of additional parts). However, in practice, even
though partial alignment methods exist, likely failures in the structural analysis and sub-
sequent segment matching steps can lead to corrupted synchronization results [68, 91].

AUDIO-BASED APPROACHES

Source separation techniques could be considered to isolate the sound of each instru-
ment and infer P/NP labels by analyzing the isolated instrument-level signals. In view
of the context in which we operate, however, this approach is not likely to be successful.
Typically, only a limited number of instruments can be recognized with an acceptable
accuracy. In [62], the authors address the challenging problem of recognizing musi-
cal instruments in multi-instrumental and polyphonic music. Only six timbre models
are used, hence this approach has limited utility for symphonic orchestras where more
models would be needed. In [9] the number of recognized instruments is 25, but the
recognition is performed in those parts of a piece in which a single instrument is played
alone. This limits the applicability of this approach in our work context to the rare solo
segments only. While it was shown in [34] and [94] that effective audio source separa-
tion needs prior information derived by synchronized music scores, such an informed
source separation approach would include the limitations of those related to score syn-
chronization, as discussed above.

VISION-BASED APPROACHES

Insufficient applicability of audio-based approaches in our work context makes us in-
vestigate the alternatives relying on the visual channel. When video recordings are avail-
able, we can see musicians interacting with their instruments. They hold them in a cer-
tain way when playing, while they assume different body poses when not playing. In the
former case, musicians also move in order to make music (e.g., bowing, pressing keys,
opening valves, moving torso to help blowing). Hence, visual appearance and motion
information could be potentially useful in inferring whether musicians are playing or
resting.

In view of the above, one could explore human-object interaction (HOI) by analyz-
ing visual object appearances in a static image — i.e., a keyframe extracted from a video.
For this purpose, investigation of presence of objects of interest (in this case, music in-
struments), spatial relationships between objects and human body parts has been found
promising [105, 106]. Dedicated datasets have been developed for this line of research, a
good example of which is the “people playing musical instrument” (PPMI) dataset [105].
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Figure 4.4: Examples of the setting of musicians and their instruments as considered by the existing vision-
based approaches.

Alternatively, in video action recognition, both visual appearance and motion infor-
mation are exploited [84, 72, 78]. State-of-the-art performance with popular datasets,
like the UCF101 [87], shows that several actions, like “playing violin”, can be detected.

The aforementioned methods for HOI detection and video action recognition are
based on a supervised classification approach. While such methods are sophisticated
and in general have the potential to outperform previously discussed non-visual ap-
proaches, they require visual input of a particular type in order to train reliable clas-
sifiers. For example, as illustrated in Figure 4.4, the PPMI dataset consists of images
containing sufficiently large and well visible regions corresponding to a human and an
instrument. This makes the aforementioned methods not applicable to the situations
addressed in this chapter and illustrated by the orchestra settings in Figure 4.3.

4.2.2. DETECTING, ISOLATING AND RECOGNIZING MUSICIANS
In order to design a system which yields a sequence of P/NP labels for each musician,
we first have to solve the musician diarization problem. In other words, we want to
understand which musician appears when and where in the video frames. The related
literature for this task includes works about detecting, tracking and recognizing people in
videos. Then, for each musician appearing in the scene, the regions of the video frames
which are informative for the inference of the sought P/NP labels have to be isolated by
means of image segmentation.

When the input video consists of a set of fixed-camera recordings, the positions of
the musicians in the scene can be manually annotated using a reference video frame
from each video (e.g., the first one). Such a manual initialization step is time inexpensive
and can be done because the musicians do not change their position throughout the
performance. Therefore, the annotated coordinates can be used for the whole recording.

In the case of a video recording consisting of different shots resulting from camera
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zoom-in and pan actions, manual-only annotation of musicians becomes too complex
and needs to be helped by automatic visual analysis tools. Off-the-shelf face detectors,
face clustering and recognition methods can be deployed for this purpose, possibly sup-
ported by a face tracking algorithm to collect and verify the evidence from consecutive
video frames [54, 83].

Specifically related to face clustering, state-of-the-art solutions are typically based
on context-assisted and constrained clustering [107, 102], possibly including human in-
tervention in order to produce high-quality results [108]. For instance, clothing informa-
tion is exploited to discriminate people with similar faces but dressed differently [107].
Cannot-link constraints are used to avoid that two faces detected in the same image fall
into the same cluster. People can be tracked and must-link constraints can be inferred
by the generated face tracks [102]. Face-related visual features can be extracted for every
detection, or just when the estimated quality of the face image is good enough to extract
reliable information [7]. Finally, to avoid that too many face clusters are generated for
the same identity, semi-automatic algorithms can be used to iteratively merge clusters
[108].

The existing methods are typically tested only on frontal faces. Alternatively, as done
in [7], the detected profile faces are continuously tracked over time, but used at the clus-
tering step only when a switch to a (near-)frontal view occurs. In view of our problem
context described in Section 4.1, this focus on (near-)frontal faces makes the methods
described above insufficiently suitable as modules of our envisioned framework. This
was also revealed by an initial investigation we performed to inform the design choices
for this framework, the results of which are reported in Section 4.6.1.

4.3. CONTRIBUTION AND RATIONALE
In view of the fact that the visual channel of the symphonic music recordings is available,
and based on the conclusions drawn in Section 4.2.1 regarding the performance-related
and practical disadvantages of hardware-, score- and audio-based methods, in our ap-
proach we focus on the visual channel to infer the P/NP activity per musician. In order to
cope with inevitable errors of automated visual analysis of challenging HOI cases in our
application context and to secure high accuracy of the obtained P/NP label sequences,
we choose for a semi-automatic approach, where human intervention is efficiently and
effectively combined with automated analysis. The value of such hybrid approach for
video annotation has already been shown in the past (e.g., [98]).

The proposed method involves two main steps, musician diarization and label as-
signment per musician and time stamp. Learning from the analysis of the related work,
we pursue the development of the solutions for both steps by making the following crit-
ical design choices.

Regarding the musician diarization step, as argued in Section 4.2.2, we need a more
reliable method for identifying the musicians than what the state-of- the-art in the field
currently offers. While we can rely on standard face detection methods, the choice of
the face clustering method leaves room for improvement, primarily in view of the re-
quirement to obtain the face clusters that are as pure as possible. This purity is es-
sential because errors in clustering directly propagate to the resulting P/NP label se-
quences. We have initially considered the approach described in [108], which semi-
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automatically merges an initial set of face clusters assuming that all of them are close
to being 100% pure. However, our preliminary experiments deploying this method on
our concert video data have revealed that only a part of the generated clusters can be
obtained as almost 100% pure, while the remaining clusters are too noisy. Moreover, as
reported in Section 4.6.1, we found that different features and image regions from those
reported in [108] may yield much better face clusters on our data. We therefore investi-
gated alternative ways to increase the number of pure face clusters by strategically em-
ploying human annotators. Beside alleviating the impact of unavoidable non-pure clus-
ters, such a semi-automatic strategy can be exploited to efficiently and effectively reject
clusters of non-relevant targets — i.e., conductor and audience but also false face detec-
tions. Our approach turns out to require significantly simpler visual analysis tools than
the complex, sophisticated person identification methods discussed in Section 4.2.2.

Once the musician diarization problem is solved, we infer the P/NP activity per mu-
sician. As opposed to the methods discussed in Section 4.2.1, we deploy the information
in the visual channel in such a way to better exploit and match the characteristics of the
work context we address, however, at the same time, being able to handle the full scope
of content generated in such context — i.e., any performance of any symphonic orches-
tra. Specifically, instead of aiming to develop generic HOI models via a supervised learn-
ing approach, we base our solution on the clustering principle. We search for clusters
ad-hoc, for a given video of a performance. Thereby, we focus on the following clus-
ter categories in which we group the detected musicians’ images: (i) musician identity,
(ii) point of view and (iii) playing/non-playing activity. Creating clusters for these cat-
egories, labeling them appropriately and propagating the labels to the individual video
frames will then automatically result in the targeted P/NP label sequences. The advan-
tage of this approach, as opposed to those based on training the HOI models, is that
there is no dependence on the type of instruments nor on the actual way how HOI is
represented — i.e., in which way a musician interacting with her instrument is depicted
in a particular recording, as long as HOI activity is depicted consistently along the video.
In our work context, consistency in general can be assumed due to the following char-
acteristics: (a) the number of musicians is limited, (b) the setting of the orchestra on
the stage is constant within one performance, and (c) the variations by which musicians
appear in the video are limited by the limited number of camera views.

In view of the above, our proposed approach can now conceptually be summarized
as follows. By exploiting the redundancy of each analyzed video recording (e.g., multi-
ple occurrences of the same camera angle), we accumulate information on the domi-
nant appearances of various musicians in terms of their instrument-playing activities.
These dominant appearances are then turned into clusters that coincide with P/NP ac-
tivities to be labeled accordingly, through human intervention. This combination aims
to achieve high level of output quality eliminating the need for extensive model training
and making the annotation problem more tractable. We refer to Section 4.5 for a detailed
explanation of the different steps of our method.

4.4. NOTATION, GOALS AND ASSUMPTIONS
Given a multi-camera video recording of a symphonic music performance, we aim at
inferring for each performing musician the P/NP labels over time. A label is assigned at
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Figure 4.5: Illustration of the modular framework implementing the proposed method for extracting P/NP
labels per musician from a video recording.

regular intervals (e.g., every second) at the time point t starting from the first frame in
the video. The videos generated by different cameras are denoted as the set V = {vi (n)}
where n 2 N = {0 . . .L °1} denotes the frame index and L is the total number of frames.
All the videos are synchronized in time and have the same length L. We further denote by
MGT the set of performing musicians, where GT stands for “ground truth”, and by |MGT|
the set size.

In view of this notation, our goal is to learn the function PNPm(t ) : T ! {P,NP,X},
which determines the P/NP label at the time points t 2 T for each musician m 2 MGT.
The additional label X represents the cases when the label is not determined. As dis-
cussed in Section 4.6, we evaluate the accuracy of the learned PNP functions as well as
the amount of determined P/NP labels.

While we count on multi-camera recordings (see Section 4.1), the minimum required
number of cameras for our approach is one and camera motion is allowed (e.g., pan-
ning, zoom-in, zoom-out). The method does not require information about which in-
struments are played during the performance. Furthermore, we do not make any as-
sumption regarding the timeline coverage. In other words, while we do not require that
every musician is continuously captured by a camera during the performance, it can
also happen that at a given time point the same musician is captured by multiple cam-
eras. We only require that for each musician m 2 MGT her corresponding instrumental
part is known. This knowledge allows to make a partition of MGT = [H

h=1M h
GT into H

mutually disjoint subsets and to recover part of the missing P/NP labels as described in
Section 4.5.6.
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Figure 4.6: Example of keyframe segmentation. For each detected face, the upper body region is determined
considering the estimated head pose. In this way, we find the region of the image where the HOI is expected to
be visible.

4.5. METHOD DESCRIPTION
In this section, we describe the framework representing the realization of our proposed
method and illustrated in Figure 4.5. First, the keyframes are extracted from the given
multiple-camera recording and processed to detect and isolate musicians in the scene
(details reported in Section 4.5.1). A musician diarization problem is then solved by com-
bining face clustering and human annotation (respectively discussed in Section 4.5.2
and Section 4.5.4). In this way, all the images belonging to each performing musician will
be effectively and efficiently isolated and linked to the correspondent musician identity
label.

At this point, instead of using pre-trained visual models which independently in-
fer playing and non-playing labels for each single image, we rely on a novel unsuper-
vised method for the reasons discussed in Section 4.2.1. Such method, described in Sec-
tion 4.5.3, aims at learning ad-hoc discriminative visual patterns for each performing
musician to be used for distinguishing playing activities from non-playing ones. This
approach produces sub-clusters of P/NP images which will be manually labeled accord-
ingly using the procedure described in Section 4.5.4. Finally, the sought P/NP label se-
quences are computed as described in Section 4.5.5.

4.5.1. KEYFRAME-BASED FACE DETECTION AND SCENE SEGMENTATION

For every video vi (n) 2V , one keyframe fk
i is extracted at predetermined time points nk

i
(e.g., at regular intervals) where nk

i is the k-th time point for the i -th video. The set of
keyframes extracted from vi (n) is denoted as Fi = {fk

i }K°1
k=0 .

For each keyframe, we detect faces and estimate the head pose angle. Regarding
face detection, we rely on standard, off-the-shelf approaches, as described in detail in
Section 4.6.3. In this way we build the sets Dk

i = {dk,l
i }, where dk,l

i is the l-th detection in
the keyframe fk

i . Each detection d is defined as (b,µ) where b = (x, y, w,h) is the vector
encoding the face bounding box geometry and µ 2 [°90,+90] is the estimated head pose.

Finally, we exploit the face bounding box geometry using simple but effective heuris-
tics to identify visual information supplementary to the face that can be valuable for the
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subsequent clustering steps. Here we focus in particular on the hair and upper body of
the musician, and related to the latter, on those regions where the instrument can be
expected. Given a face detection d = (b,µ), the two additional bounding boxes are in-
ferred using the Vitruvian man ratios as done in [54]. The hair bounding box is defined
as (x, y °h/4, w,h/4). As for the upper body segmentation, we extend the heuristic pre-
sented in [54], which is limited to the frontal faces, in order to infer the region of interest
for any value of µ 2 [°90,+90]. The upper body bounding box is therefore computed as
a function of b and µ. The underlying idea is to look at the region of the image in the
direction of the musician’s gaze where we expect to see the instrument. If µ > µ?(<°µ?),
we look at the right(left) side of the face bounding box. When µ 2 [°µ?,+µ?], we center
the face bounding box horizontally. µ? is the critical angle used to discriminate frontal
and profile faces. The upper body region includes the head and the torso. The torso
has a height of 2.6£h and a width of 2.3£ w [54]. An illustration of the results of this
segmentation process is given in Figure 4.6.

4.5.2. MUSICIAN DIARIZATION VIA FACE CLUSTERING

Grouping the detected faces into clusters of individual musicians can be performed in
different ways. We consider four possibilities that we refer to as (i) unconstrained, (ii)
context-assisted, (iii) constrained, and (iv) context-assisted and constrained. The uncon-
strained method relies on the visual information only consisting of visual features ex-
tracted from the face and hair regions. In addition to visual information, context-assisted
methods also rely on the visual context of the detected face. The upper body region ex-
tracted for a face may help discriminating between those musicians whose faces look
similar, but who play different instruments. Similarly, a scene descriptor could be de-
ployed to discriminate between similar faces belonging to musicians placed in different
parts of the orchestra. In the constrained method, we again deploy face- and hair-related
visual features, but also exploit the fact that multiple face detections in the same frame
should belong to different identities. We build a sparse matrix of cannot-link constraints
C L for each pair of faces (dk,l

i ,dk,l 0

i )|l 6= l 0 detected in the same keyframe. C L is then
used to ensure that multiple detections in the same keyframe fall in different face clus-
ters. Another type of constraint which could be deployed is the must-link constraint.
During a shot, the detected faces could namely be tracked and therefore linked over
time. However, taking this into account would increase the complexity of the system
and might not generate exact constraints as in the case of the C L set (e.g., due to the
mistakes with crossing face tracks generating wrong must-link constraints). Finally, the
context-assisted and constrained method exploits both visual context information and
the cannot-link constraints.

As for choosing a suitable number of clusters, we consider the following information
that can be reasonably defined a priori. The number of musicians |MGT| may vary, but a
typical symphonic ensemble ranges from 50 to 100 players. In addition to the orchestra,
some of the frames also show the conductor and the audience. Together, the musicians,
conductor and audience form the set E of “entities” to be isolated. Furthermore, the
same entity can be recorded from different cameras/viewpoints, and also with varia-
tions (e.g., due to camera zoom-in). Therefore, the number of expected clusters can be
estimated as dÆ£ |E |e, where Æ∏ 1 is a factor which accounts for the number of cameras
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Figure 4.7: Example of labeled sub-clusters generated for a flute player (only a few representative images per
cluster are shown).

and additional variations in the types of the recorded visual material.
The values for Æ and |E | can be chosen rather freely, as long as they are large enough.

This is due to the subsequent labeling step in which all the detected clusters where musi-
cian m appears are merged together into one set Sm containing all the detections dk,l

i of
that musician, independent of the camera viewpoint, HOI activity or other variations.
Therefore, while the detected clusters should be sufficiently pure, over-segmentation
is not problematic. The labeling step is performed manually and is explained in Sec-
tion 4.5.4.

4.5.3. GENERATING CLUSTERS OF PLAYING AND NON-PLAYING HOI
Once the set Sm is generated, we follow the hypothesis that the images contained in
there can be distinguished from each other using two dominant dimensions: camera
viewpoint and performed HOI action. Under this assumption, we divide each set Sm into
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(a) Type A1: the dominant
musician in Sc

6 is #06, the
dominant label is P and the
image of #02 is also P.

(b) Type A2: the dominant
musician in Sc

6 is #06, the
dominant label is P but the
image of #02 is NP.

(c) Type B: the sub-cluster
Sc

36 contains only images of
#36, however it is non 100%
P/NP pure.

Figure 4.8: Examples of different types of error generated at the face and/or the PNP clustering steps. While
the errors of type B have a direct negative impact on the accuracy, an error of type A1 or A2 leads to a P/NP
labeling error depending on the timestamp of the detection belonging to the “wrong” musician.

sub-clusters. Each sub-cluster should contain the images of the musician m with one
specific HOI action recorded from a specific camera viewpoint. This results in a set of Cm
mutually disjoint subsets Sc

m such that Sm = [Cm
c=1Sc

m . We estimate the number of sub-
clusters Cm by first estimating the number of camera viewpoints |PoVm | on the musician
m. Then, the number of sub-clusters corresponding to a playing or non-playing HOI is
2£ |PoVm |.

The number of viewpoints on a musician m is estimated as follows. To maximize the
accuracy of the clustering process at this stage, compared to Section 4.5.2, we choose for
a more sophisticated method for estimating |PoVm |. We do this by analyzing how the
bounding box geometry b, the head pose µ and the camera/video index i values are dis-
tributed. By empirical evaluation, we found that the number of dense regions formed by
the set of (w £h, i ) pairs, respectively the face bounding box area and the camera/video
index of each detected face dk,l

i belonging to m, is a suitable and consistent choice.
Then, in order to generate the sub-clusters Sc

m , we follow these steps:

1. for each dk,l
i 2 Sm , we extract an image Ik,l

i from the keyframe fk
i

2. for each image Ik,l
i , we extract a vector xk,l

i of visual appearance features

3. we build a descriptor matrix Xm having |Sm | rows, where each row is a feature
vector xk,l

i

4. we cluster the detections in Sm by running a clustering algorithm taking Xm as
input and with the number of clusters to be generated being set to Cm .

In order to assess the informativeness of different regions of the image, we consider
two options for extracting Ik,l

i , which capture the face and the upper body regions. As
for the way we visually describe the segmented images, we consider global and local
features. As for the latter, we aim at exploiting as much as possible the redundancy of
the images belonging to each musician. We therefore train one visual word vocabulary
for each set Sm instead of training a vocabulary for the whole recording. By training ad
hoc vocabularies, we expect that the discriminative power of the trained visual words
is optimized for each musician. In Section 4.6.1, we report the details about the used
features and the optimal parameters (e.g., number of visual words).
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The obtained sub-clusters directly imply the P and NP labels to be assigned to them
and therefore the quality of sub-clusters also determines the quality of our P/NP anno-
tation framework. We explain the sub-cluster annotation process in Section 4.5.4. Ex-
amples of labeled sub-clusters are shown in Figure 4.7. Unlike in the case of face clusters
labeling, non-pure or otherwise ambiguous sub-clusters are not discarded, but anno-
tated using the label X (undetermined).

This clustering step is fundamental to make the subsequent human annotation pro-
cess efficient. In fact, if every single detection were manually annotated, the complexity
of the human annotation task would be O(|MGT|£L) — i.e., linear to the number of mu-
sicians multiplied with the temporal length of the recording. Since we assumed that the
number of points of view |PoVm | is limited, the complexity of the human annotation task
using our approach becomes O(|MGT|) — i.e., linear to the number of musicians.

4.5.4. HUMAN ANNOTATION
Our proposed framework illustrated in Figure 4.5 involves two manual labeling steps, the
first one annotating the face clusters by the corresponding musician ID and the second
one annotating the sub-clusters in terms of P and NP labels.

In general, the annotation process of a cluster of images works as follows. The anno-
tator inspects the content of a given cluster which is rendered, for instance, as a grid of
images. Then, the purity of the given cluster is evaluated. A cluster is pure if most of the
images belong to one class. We call such class dominant. If there is a dominant class,
it is used as label for the cluster. Conversely, a non-pure cluster is discarded in order to
prevent that the labeling accuracy will be low. We assume that: (i) human annotators are
able to detect the presence of a dominant class, and (ii) human annotators can recog-
nize the dominant class (if present). More details about the two manual labeling steps
are reported below.

FACE CLUSTERS ANNOTATION

The annotator is provided with a reference table of musician IDs like the one in Fig-
ure 4.9. The images within a face cluster are shown to the annotator and the annotator
decides first whether the cluster is pure enough, that is whether the cluster has a domi-
nant musician ID.

If the annotator finds the cluster to be pure enough, then she uses the reference table
to check whether the dominant identity belongs to one of the musicians. If a musician is
dominant in the face cluster, then the corresponding label is chosen and automatically
propagated to all the face detections belonging to the given cluster. In the cases of a
non-musician dominant label (conductor, audience or non-face images) and a non-pure
cluster, the cluster is discarded and the face detections belonging to it will not be used
anymore.

A first type of error that can occur at this step is the error of type A (e.g., Figure 4.8a
and Figure 4.8b): if a cluster is not discarded and therefore labeled with m 2 MGT, any
image not belonging to the musician m will generate a musician labeling error. The
impact of this error type on the accuracy of P/NP labeling is discussed in more detail
below.
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Figure 4.9: Example of reference table provided to the face clusters’ annotators.

P/NP CLUSTERS ANNOTATION

For this task, the annotator does not need any reference table and we expect that no spe-
cific expertise is required in order to distinguish playing and non-playing actions for any
musical instrument. We also assume that each sub-cluster can be annotated indepen-
dently.

Given a sub-cluster Sc
m to be labeled, the annotator once again decides first whether

it is sufficiently pure. Differently from the previous annotation task, the purity now has
two dimensions. The first one is related to the presence of a dominant P/NP class, that
is whether the majority of the images show either a playing or non-playing HOI. When a
dominant class is chosen, all the images not belonging to that class will generate a P/NP
labeling error of type B (e.g., Figure 4.8c). The second purity dimension deals with the
error of type A since a sub-cluster may contain images of other musicians due to errors at
the face clustering phase. Considering these two aspects, we assume that a sub-cluster
is discarded if it contains too many errors of type A and/or B.

Finally, regarding the error of type A, we distinguish two cases occurring when a P/NP
cluster Sc

m is not discarded and contains images belonging to one or more musicians
m0 6= m. The error of type A1 occurs when an image of a different musician m0 has the
same P/NP label as the one which is dominant in the sub-cluster (e.g., Figure 4.8a). The
error of type A2 occurs when an image of a different musician m0 has not the sub-cluster’s
dominant P/NP label (e.g., Figure 4.8b). The main impact of these types of error is that
a spurious observation is added to the musician m and removed from the musician m0.
Then, for the musician m, the system may generate an additional and eventually wrong
P/NP label according to factors, which depend on the way P/NP sequence are generated
as explained in Section 4.5.5.
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4.5.5. GENERATING SEQUENCES OF P/NP LABELS
Taking the sub-clusters labeled as either P, NP or X and the keyframe’s timestamps asso-
ciated to the images belonging to the sub-clusters as input, we now proceed with gen-
erating the function PNPm(t ) : T ! {P,NP,X} that produces the P/NP/X label sequence
for each musician m 2 MGT .

As defined in Section 4.4, we aim at reconstructing the PNP sequence for every mu-
sician at regular time intervals (e.g., every second). The reason why we do not extract the
labels for every frame lies in the inherent nature of the P/NP labels. As explained in [12],
it is not likely that two or more P/NP switches occur in a short period of time, because
during short musical rests musicians keep a playing body pose. Hence, we adopt the
same sliding window approach of [12] and we derive P/NP labels periodically for every
musician. A large window size (e.g., 5 seconds) accounts for the time required to switch
from a playing to a non-playing body pose (and vice versa).

For each musician m, each label is generated through a voting process illustrated in
Figure 4.10. At every timestamp t 2 T , a set w is built by exploiting the labeled sub-
clusters Sc

m associated with the musician m as follows. We look for the images Ik,l
i 2

Sc
m extracted within the current sliding window time interval. This search can lead to a

variable number of results, depending on how many cameras record m in the considered
period of time. For each found image, one P/NP label is added to w, inherited from the
sub-cluster the image belongs to. Discarded sub-clusters are ignored. Consequently,
w is either an empty set or contains one or more labels. In the former case, the label
assigned at the timestamp t is X because there is no observation of m in the considered
time window. In the latter case, P(NP) is assigned if the number of P(NP) labels in w
is greater than the number of NP(P) labels. If the numbers of P and NP labels in w are
equal, the label X is assigned.

4.5.6. DEALING WITH MISSING OBSERVATIONS
As pointed out in Section 4.4, there is no guarantee that each musician is always visible
from at least one camera. If a musician does not appear in a keyframe, no P/NP label can
be inferred using the procedure explained above. However, the domain knowledge on
the orchestral setting (Section 4.1) allows us to infer the labels for individual musicians
from all the other musicians playing the same instrumental part and thus belonging to
the subset M h

GT. In this case, for each subset M h
GT, the expected sequence of labels is the

same for every musician m 2 M h
GT.

We propose two different strategies to extrapolate the labels: (i) highest timeline cov-
erage (highest TC), and (ii) merging. Given M h

GT, the highest TC approach assigns one
of the existing PNP functions to all other musicians in M h

GT. The optimal PNP func-
tion for a given instrumental part h is that computed for the musician m? such that
m? = argminm2M h

GT
|{t : PNPm(t ) = X}|. The rationale behind this strategy is to base the

extrapolation on the musician for which the number of observations is maximized. Dif-
ferently, the merging strategy computes a new PNP function for each instrumental part
by combining all the labeled sub-clusters Sc

m belonging to the musicians performing the
considered instrumental part. As opposed to relying on the strongest evidence as in
the previous strategy, here we combine all the available evidence belonging to a certain
instrumental part. For this purpose, we deploy a modified version of the majority vot-
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Figure 4.10: Illustration of the process of creating the P/NP label sequences for a musician m via majority
voting. In this example, we focus on the case of two cameras recording the musician m = 39 and we set the
sliding window size to 1 second (for the sake of simplicity). Given 8 labeled sub-clusters Sc

39, every second the
available P/NP labels are sought in the labeled sub-clusters. The retrieved labels are used to build the sets w to
which a majority voting is applied to determine the final label.
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(a) Properties and organization of the RCO
dataset.

(b) Properties and organization of the OSV
dataset.

Figure 4.11: Proposed datasets used in this work.

ing approach described in Section 4.5.5. When w is populated, instead of considering
the sub-clusters Sc

m of a single musician, we consider all the sub-clusters Sc
m such that

m 2 M h
GT.

4.6. EXPERIMENTAL SETUP
In this section we detail how we implemented the proposed framework, present our
dataset, and explain how we conducted the experimental evaluation.

4.6.1. FRAMEWORK IMPLEMENTATION
The design choices and the parameter selection underlying the realization of our frame-
work (presented in Section 4.5) were informed following the protocol described in Sec-
tion 4.6.1 and Sec.4.6.1.

MUSICIANS DIARIZATION

We describe the way we implemented the four face clustering methods introduced in
Section 4.5.2 and explain how we selected features and parameters.

The B-cubed precision/recall [2] was adopted to assess the quality of the produced
clusters. We chose the number of face clusters by approximating the number of entities
|E | to the number of musicians. In the case of the development set, |E | was set to 7. A
suitable value for factor Æ taking into account the variations of various types was found
by inspecting multiple options, namely 1, 1.5, 2, 2.5, 3, 4, 5, 10, 15 and 20 (generating
from 7 to 140 face clusters).

For clustering itself, we used k-means in the unconstrained case and COP k-means
[100] in the constrained one. The constrained face clustering methods were not assessed
using the development set because COP k-means has no parameters to be tuned and the
number of cannot-link constraints generated for the development set was too low.

As for the unconstrained face clustering, we considered two options, both relying on
state-of-the-art visual features. In the first one, we deployed Local Binary Patterns (LBP)
and Histograms of Oriented Gradients (HOG) from the face bounding box as done in
[108]. In the second one, we focused on the face bounding box extended to the hair re-
gion from which we extracted Pyramid HOG (PHOG), Joint Composite Descriptor (JCD),
Gabor texture (Gabor), Edge Histogram (EdgeHist) and Auto Color Correlogram (ACC)
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[61]. In both cases, we evaluated the impact of applying the Principal Component Anal-
ysis (PCA) [49] retaining 99% of the total variance.

In the context-assisted case, we included a description of the scene and/or a descrip-
tion of the upper body region. As for the former, given a detection dk,l

i , we extracted the
JCD, PHOG and ACC global features from a downsampled copy of the keyframe fk

i . The
upper body region was always described by LBP, PHOG, JCD, Gabor, EdgeHist and ACC.
For both scene and upper body descriptors, we assessed the impact of including and
excluding this information and also the option of including it by first applying PCA re-
taining a number of possible ratios of total variance (namely, 50%, 70% and 99%).

By inspecting the results summarized in Figure 4.12, we found that the optimal set of
features to assess the face similarity is that extracted from the face-hair region and con-
sisting of PHOG, JCD, Gabor, EdgeHist and ACC applying the PCA (see Figure 4.12a). By
comparing the plots in Figure 4.12, we see how different combinations of contextual fea-
tures affect the performance. The upper body features leads to the strongest improve-
ment and the optimal ratio of retained variance for the PCA is 99% (see Figure 4.12c).
The scene features, whose optimal ratio of retained variance for the PCA is 70%, do not
add a significant contribution (see Figure 4.12b and Figure 4.12d). Finally, the optimal
value of Æ we chose was 15 because by increasing it to 20 we observe a saturation in the
performance.

P/NP CLUSTERING

For each set Sm of images belonging to one musician, we estimated the number of points
of view (see Section 4.5.3) as follows. The list of (w £h, i ) pairs derived from Sm was first
normalized (zero mean, unit variance). Then, we used DBSCAN [31] to automatically es-
timate the number of formed dense regions. We required that a dense region had at least
10 samples and the dense region radius parameter ≤ was set to 0.4. Pairs not belonging
to any dense region were ignored.

As discussed in Section 4.5.3, the P/NP clusters Sc
m were produced considering two

possible image regions and two possible types of feature. Evaluating on the dedicated
development set, we found the following optimized global feature sets: face images were
best described using Gabor, JCD and PHOG without applying the PCA, while upper body
images by EdgeHist, Gabor, PHOG and ACC retaining 95% of the total variance. As for
the local features, we considered two possible options, namely SIFT and OpponentSIFT
[79], aggregating them either via bag-of-words (BoW) [23] or via spatial pyramid (SP)
[56]. We also evaluated different visual words vocabulary sizes, namely 200, 400 and
1000 visual words (1000 only used with BoW). For each musician, that is for each set
Sm , the visual word vectors were assigned via mini-batch k-means [82] applied to the
visual words vocabulary training set, built by randomly sampling 500.000 feature vectors
from the images in Sm . Using the development set, we found that the optimal way of
describing both face and upper body images was using OpponentSIFT with 200 visual
words, but aggregating the former via SP and the latter via BoW.

Image clustering was performed using the k-means algorithm. In order to assess the
significance of the obtained results, we also included a random baseline method which
simply works by randomly assigning the images in a given set Sm to the sub-clusters Sc

m .
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4.6.2. SIMULATING THE HUMAN ANNOTATION
In this work we address a number of research questions for which the experiment has
to be repeated several times using different (types of) features and parameters. This is
particularly true for the research question RQ3, for which we want to assess the overall
impact of errors in different modules. In this context, deploying the two human anno-
tation task presented in Section 4.5.4 for every run is not feasible. In fact, in the full ex-
periment we generate dozens of thousands of image clusters to be annotated. Another
reason for not performing human annotation at this stage is that we do not know yet
how to instruct human annotators with respect to how tolerant or strict they should be
when coming across non-pure image clusters. We therefore made a number of assump-
tions and simulated human annotation using the available ground-truth information,
also quantifying the perceived purity of a cluster of images and assessing the impact of
different levels of strictness.

MODELING THE HUMAN ANNOTATOR

Following the annotation process and the assumptions reported in Section 4.5.4, we
modeled a human annotator as follows. The core idea is to define a rejection thresh-
old with which a cluster is discarded if the frequency of the dominant class is below such
threshold. For each cluster, we compute a histogram of frequencies having one bin per
class. If the highest frequency is below the rejection threshold, the cluster is discarded,
otherwise it is kept and labeled with the dominant label. In our experiments, we used a
number of distinct threshold values in order to study the impact on the overall perfor-
mance. A high threshold corresponds to a strict annotator (high precision), while a lower
value is a more tolerant one (balanced precision and recall).

SIMULATING THE FACE CLUSTERS ANNOTATION

When labeling face clusters, we assigned the histogram bins as follows: one for each mu-
sician m 2 MGT, one for the conductor, one for the audience, and one for false positive
face detections. We considered three types of human annotators by using the values
50%, 70% and 90% for the rejection threshold. When the voted label did not belong to
a musician, the face cluster was discarded. In order to understand to what extent face
clustering is a critical step, we also used the face clustering ground-truth labels (ideal
case).

SIMULATING THE P/NP CLUSTERS ANNOTATION

When labeling a sub-cluster Sc
m , we computed the histograms assigning three bins asso-

ciated to playing, non-playing and outlier images. The latter was used when an image
of a different musician occurred, that is when an image belonged to a musician m0 6= m.
We tested the following rejection thresholds: 50%, 60%, 70%, 80% and 90%.

4.6.3. DATASET
We experimented on a dataset which in total consists of 29 videos (about 7 hours) from
which we extracted more than 100,000 detections belonging to 105 different musicians.
The dataset was built based on video recordings of two symphonic music concerts per-
formed by two different professional orchestras and is representative for the context in
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(a) unconstrained

(b) context-assisted (scene only)

(c) context-assisted (upper body only)

(d) context-assisted (scene and upper body)

Figure 4.12: Face clustering evaluation on the dedicated development set. Each dot represented an evaluated
combination of types of feature, amounts of retained variance while applying the PCA and factors affecting
the number of generated face clusters. Each line corresponds to the selected combination and shows how the
performance change when the number of generated cluster varies (e.g., 10x means 10 times the number of
musicians in the development set, namely 10£7). The plots show that the richest feature set (namely, PHOG,
JCD, Gabor, EdgeHist, and ACC) consistently performs better than the smaller set (namely, LBP and HOG).
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which we operate, as described in Section 4.1. The first recording contains the four
movements of Beethoven’s Symphony No. 3 Op. 55, performed by the Royal Concert-
gebouw Orchestra (Amsterdam, The Netherlands) and it is a multiple-camera recording.
The second one is a fixed, single-camera recording of the fourth movement of Beethoven’s
Ninth Symphony performed by the Simfònica del Vallès Orchestra (Barcelona, Spain).
The two recordings, respectively referred to as “RCO” and “OSV”, are available on re-
quest. To the best of our knowledge, there is no other available dataset consisting of real
world data that we could have used alternatively.

RCO DATASET

The RCO dataset (Figure 4.11a) is organized into 4 sets of 7 synchronized videos where
each set represents the multiple-camera recording of a movement (6 hours and 40 min-
utes in total). The number of performing musicians is 54 and they are organized into
19 instrumental parts and playing 11 different instruments. The recording also captures
the audience and the conductor. From each video, we extracted 1 keyframe every second
producing 24,234 keyframes in total.

For each keyframe we detected the faces and estimated the head poses. This was
done by combining a number of off-the-shelf multi-pose face detectors [113, 97] via
non-maximum suppression (NMS). The way we estimated the head pose is an adap-
tation of the method described in [7]. The adaptation was required in order to integrate
the detector from [113] for which we initialized the confidence of its output to the ac-
ceptance threshold level (see [7]) in order to maximize the face detection recall. The
choice of combining different types of detectors has significantly increased the number
of detected faces. Overall, 66,380 face have been found which are distributed as follows:
1,716 belonging to the conductor, 4,539 to the audience, 3,844 are false positives and the
remaining 56,281 are distributed across the 54 musicians.

OSV DATASET

The OSV dataset is a fixed, single-camera recording in which the performers appear at
the same position throughout the whole event (see Figure 4.11b). Faces approximately
cover an area of 20£20 pixels, much smaller compared to those of the RCO dataset. The
positions of the faces were manually annotated using a random frame as reference and
then the head poses were, again manually, assigned to every face. Therefore, the face
clustering step is not necessary for this recording since the musician identity is only a
function of the face bounding box position in the reference keyframe. In this case, we
extracted a keyframe every 2 seconds because, being the recording a fixed-camera one,
oversampling in time would have been unnecessary for the goals of our experiment.

DEVELOPMENT SET

As shown in Figure 4.11a, part of the data extracted from the RCO dataset was used as
development set. The reason why we did not include data from the OSV dataset there is
twofold. First, we wanted to assess the general applicability of our method to an unseen
recording. Hence, we followed a leave-one-recording-out approach while searching for
visual features and parameters. Second, we find the RCO concert a more general case
than the OSV due to the additional variations caused by panning and zoom-in camera
actions.
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The face clustering development set was generated by randomly sampling 1,575 face
detections belonging to the conductor, audience, 7 musicians performing different in-
strumental parts and also belonging to the false detections.

The development set was used to inform the design choices and select parameters of
our framework. All the remaining data was used at the evaluation step.

4.6.4. GROUND TRUTH
The ground truth for evaluating the face clustering method was created by the authors,
by annotating the 66,380 faces detected in the RCO dataset. The true P/NP labels were
derived using synchronized symbolic information. As for the RCO dataset, we used four
MIDI files synchronized to the video files provided by Grachten et al. [44], from which
we extracted the P/NP labels with the method described in [12]. The Music Technology
Group (Pompeu Fabra University, Spain) provided us with the video recording and a set
of files encoding synchronized note onsets and offsets for each instrumental part. In
both cases, each performing musician was bound to the corresponding instrumental
part / MIDI track in order to build the corresponding ground truth P/NP sequence.

4.6.5. EVALUATION APPROACH
The goal of the experimental evaluation in this chapter was threefold. First, we assessed
the performance of the key-modules of our framework, including P/NP labeling (Sec-
tion 4.7.2) as well as face labeling — i.e., musician diarization (Section 4.7.1). The quality
of P/NP label sequences is the key result serving to demonstrate the effectiveness of our
proposed method. However, we also evaluated the face labeling step to understand how
inevitable errors there affect the quality of P/NP label sequences.

Second, as reported in Section 4.7, we assessed the quality of the obtained P/NP label
sequences also relatively, using a random baseline as a reference. Relying on a random
baseline was the only possible choice here, and this for the following reasons. The re-
lated literature does not offer a solution for yielding one sequence of P/NP labels for
each performing musician. In fact, as discussed in Section 4.2, existing audio-based
and visual-based classifiers cannot be directly applied to the type of audiovisual con-
tent considered in this chapter. Replacing the semi-automatic framework modules de-
scribed in Section 4.5.3 and Section 4.5.4 is only theoretically possible. As explained in
Section 4.2.1, existing vision-based classifiers require input of a particular type and are
instrument-dependent.

Finally, in Section 4.7.6, we compared the efficiency of P/NP labeling using our method
with the efficiency of the purely manual P/NP labeling in order to determine how much
human annotation can be speeded up, while maintaining the same high quality of the
P/NP label sequences.

4.6.6. EVALUATION MEASURES
In this section, we describe the evaluation measures used to assess the quality of the
labels produced after the human annotation steps described in Section 4.5.4.

Once the face clusters had been generated and labeled, we jointly evaluated pre-
cision, recall and number of labeled (or non-discarded) face detections. The average
precision and the average recall were combined together into the average F1-score. The
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Figure 4.13: Example of how A and TC scores are computed for P/NP label sequence assessment.

percentage of non-discarded face detections was simply determined by counting how
many images inherit a label from non-discarded face clusters.

For each musician the system produces a sequence of P/NP/X labels to be com-
pared to the corresponding ground truth sequence. As illustrated in Figure 4.13, we
evaluated the labeling performance integrally aggregating the results obtained for all the
musicians. The performance with respect to the grond truth was assessed using two
scores: accuracy (A) and timeline coverage (TC). The former is defined as the percentage
of matching labels and it is computed only considering the known labels, namely those
for which the value is different from X. The TC score is defined as the ratio between the
number of non X-valued labels and the ground truth sequence length. It is an indicator
of how many detections are used by the system and its upper bound is defined by the
percentage of available musician detections.

We recommend to use accuracy instead of other scores, like precision and recall, be-
cause we need to assess how well the system produces both playing and non-playing
labels. The timeline coverage was chosen to observe how many labels are effectively
generated by the system, but also to measure the impact of rejecting non-pure image
clusters.

4.7. RESULTS
This section reports the results and provides the reader with the answers to the research
questions defined at the beginning of this chapter. First, we addressed RQ1 in Sec-
tion 4.7.1, where we evaluated different options to solve the musician diarization prob-
lem. Then, in Section 4.7.2 we focused on the P/NP labeling problem addressing RQ2
and RQ3. We added a failure analysis section (Section 4.7.3) in which we explained how
the system fails. This provides insights about the informativeness of static images (RQ4).
The results obtained when adopting the two proposed strategies dealing with missing
observations are reported in Section 4.7.4. Then, we qualitatively compared the ground
truth and the generated P/NP sequences using the OSV dataset (Section 4.7.5). Finally,
we answered RQ5 by measuring the achieved efficiency and effectiveness of the human
annotation tasks (Section 4.7.6).
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Figure 4.14: We compared four feature sets (represented by different markers) using either the constrained
clustering (filled markers) or the unconstrained one (empty markers). We also evaluated three different rejec-
tion thresholds (different colors). The plot shows three results. First, combining face and upper body visual
information produces the best results. Second, adding scene visual information and/or using the cannot-link
constraints does not significantly improve. Third, a higher rejection threshold effectively filters out non-pure
clusters.

4.7.1. FACE LABELING
We evaluated the proposed semi-automatic method producing face labels on the RCO
test set. This set consists of 64,805 detections belonging to 54 musicians. With these
detections we generated 191,745 cannot-link constraints (see Section 4.5.2).

Figure 4.14 shows that the most informative regions are the face and the upper body.
Including scene information does not significantly improve the performance and the
same holds for the cannot-link constraints. While including scene information did not
impact the computation time, running the constrained version of k-means led to a sig-
nificantly longer execution time. In general, we see that our method generates face labels
with high average precision and recall. However, this result was not obtained just via the
face clustering step but also using the human annotators’ ability to discarding non-pure
clusters. In fact, in the best case we already observe that about 20% of the detections fell
into discarded face clusters. This means that a part of the clusters was not sufficiently
pure.

4.7.2. P/NP LABELING
This section analyzes and compares the results obtained for the RCO and the OSV datasets,
addressing the research questions RQ2 and RQ3.

The plots reported in Figure 4.15 and Figure 4.17 show the accuracy and the timeline
coverage for the different types of features and regions of the image also including the
results obtained with the random baseline method. As for the adopted notation, each
point corresponds to the combination of an image region (upper body vs face), of type of
features (global vs local) and of rejection threshold used when labeling the P/NP clusters
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(50%, 60%, 70%, 80% and 90%). A dedicated marker is used for the random baseline
method.

EVALUATION ON THE RCO DATASET

The RCO dataset allowed us to assess the full system that is, we could observe how dif-
ferent ways of generating the face labels affected the performance at the P/NP labeling
step. To this end, we evaluated four cases. First, we considered the case of ideal input, in
which the ground truth face labels were used. Then, we considered three different ways
of obtaining the face labels by varying the rejection threshold used to label the generated
face clusters. More specifically, we used the RCO test data, which includes the detections
of 52 musicians. SettingÆ to 15 and approximating the entities set size |E | to the number
of musicians generated 780 face clusters. Then we simulated the annotation using three
different rejection thresholds: 50% (tolerant annotator), 70% and 90% (strict annotator).
In this experiment we used the unconstrained context-assisted face clustering method
— i.e., we exploited face similarity and context information extracted from the upper
body and the scene (see Section 4.5.2). The overall numbers of generated P/NP clusters
were 530, 384, 354 and 342 for the face labels input of the types “ideal”, 0.5, 0.7 and 0.9
respectively. In Figure 4.15, which summarizes the results, we observe four facts.

First, regardless of the input to the P/NP clustering step, there is a consistent trade-
off between accuracy and timeline coverage. The stricter the annotator is (higher P/NP
rejection threshold), the lower the number of produced P/NP labels is. More in detail,
the figures show that the timeline coverage decrease is much larger than the accuracy
increase. This means that quite often the purity of the produced P/NP clusters is be-
low the highest rejection thresholds. In Section 4.7.3 we investigate the reasons why the
P/NP clusters are not always pure enough.

Second, global features always outperform local ones and the upper body region is
more informative than the face region. What is surprising is that faces are already a good
indicator to infer P/NP labels. The advantage of this image region over the upper body
one is that occlusions here seldom occurs. When the instrument or the human body
parts are not visible, face cues can be always exploited. To show this, we give an ex-
ample in Figure 4.16. A relaxed, unfocused, or contemplative expression (Figure 4.16a,
Figure 4.16b, Figure 4.16c) is likely to be linked to a non-playing action, as opposed to a
concentrated one (Figure 4.16d) that is likely to indicate a playing activity.

Third, when the rejection threshold for the sub-cluster annotation is set to 50%, the
timeline coverage in Figure 4.15 is always close to its upper boundary (the markers in
the four plots are close to the vertical dashed lines). Such boundary is determined by
the available face detections and it shows the highest possible timeline coverage. This
result was expected because, by setting the rejection threshold to 50% and having only
two possible labels (P and NP), no cluster is discarded. Still, a number of additional
X labels can be generated by the process explained in Section 4.5.5 due to conflicting
cluster labels in case of multiple views on the same musician. However, the plots reveal
that this seldom happens.

Finally, by setting again the rejection threshold to 50%, we also observe that the ac-
curacy is always above 75%. This happens because the numbers of P and NP labels in
the ground truth are not equal. For this reason, in order to assess whether the proposed
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(a) Using ground truth face labels. (b) Face clustering rejection threshold: 50%.

(c) Face clustering rejection threshold: 70%. (d) Face clustering rejection threshold: 90%.

(e) Legend

Figure 4.15: Evaluation of the P/NP labels produced by the system (RCO dataset). The vertical dashed lines
show the upper bound for the timeline coverage, which is limited by the availability of face detections. The
upper body region described with global features outperforms other combinations. Tuning the system for very
high accuracy has a large negative impact on the timeline coverage. This shows that discriminating playing
and non-playing HOIs requires information beyond a global description of a static upper body image.
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(a) End of a movement (b) End of the concert

(c) Non-playing (d) Playing

Figure 4.16: Informativeness of the face region: even when the torso region is not visible we can guess whether
a musician is playing by analyzing the face expression.

method is generating P/NP clusters at all, the random baseline method is included. What
we see is that the baseline always performs worse, both in terms of timeline coverage and
accuracy. This shows that our method effectively discriminates playing and non-playing
actions.

EVALUATION ON THE OSV DATASET

In the OSV dataset, 63 musicians are recorded by a fixed camera. Compared to RCO,
there is no point-of-view variability and all the musicians are always visible. The number
of P/NP clusters is 126. For this recording we only evaluated local and global features
extracted from the upper body region. We made this choice because, as explained in
Section 4.6.3, the face region in the OSV dataset is too small. Even we could not use this
recording to evaluate the full proposed system, it is an additional test case to also assess
whether and to what extent other recordings and recordings of a different type can be
exploited for P/NP detection.

The OSV images are challenging because they have a low resolution. However, the
system is still able to well discriminate P/NP actions as shown by the results in Fig-
ure 4.17. This becomes evident by comparing the random baseline performance with
that of our image clustering methods. Increasing the rejection threshold from 50% up to
80%, we see that the number of discarded images decreases linearly at relatively small
steps. This means that the majority of the generated P/NP clusters were pure enough.
However, when we look at the strictest rejection threshold, we observe that the accu-
racy increase is small while the number of determined P/NP labels decreases at a much
higher rate. Therefore, as we did for the RCO dataset, we conclude that there are ad-
ditional factors determining the playing/non-playing status of musicians which are not
taken into account in our solution.

OVERALL JUDGMENT

By evaluating on the RCO and the OSV datasets, we answered to the research questions
RQ2 and RQ3.
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Figure 4.17: Results for the OSV dataset. Even if the video resolution is low, with a fixed camera we accumulate
a sufficient number of images for each musician from the same point of view. Due to this, playing and non-
playing images can be discriminated with high accuracy.

We conclude that the most P/NP discriminative region is the upper body. However,
we remark that faces by themselves are already surprisingly informative. Regarding the
accuracy of the system, we see that it ranges between 70% and 94% depending on the
strictness of the annotators. However, targeting to a high accuracy has a significant im-
pact on the number of discarded detections especially in the case of a multiple-camera
recording in which it is hard to continuously accumulate observations over time for each
performing musician.

As for the impact of different modules, we have two conclusions. First, we see that
the overall timeline coverage is directly affected by the number of available face detec-
tions. This indicates that the face detectors should be tuned to perform with high recall
in order to determine as many P/NP labels as possible for each musician. Second, we ob-
serve that the musician diarization module has a limited impact on the overall accuracy
because most of the face clusters are sufficiently pure.

4.7.3. FAILURE ANALYSIS

As pointed out in Section 4.7.2, a fraction of the produced sub-clusters Sc
m is not suffi-

ciently pure. By inspecting the produced P/NP clusters, we found that subtle discrim-
inative cues in the images sometimes occur. For instance, in Figure 4.18, we see that
the mouth region for the French horn player is the discriminative region. However, our
method has not been designed to explicitly take into account this part of the image,
therefore the images are clustered according to the overall appearance of the upper body.

The aforementioned error belongs to a larger class of errors, namely the false posi-
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Figure 4.18: Good P cluster containing some NP images, which are included because the differences in the
mouth region are not dominant, sufficiently influencing the cluster formation.
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Figure 4.19: The depicted confusion matrices show that the system has a bias towards false positives. Such a
bias can be explained by the fact that the musicians usually get ready to play sufficiently in advance.

tives. By inspecting the videos, we observed that they occur for any type of instrument
and that they are caused by anticipation, which occurs when a musician gets ready to
play in advance. This is also supported by the confusion matrices in Figure 4.19. They all
show that the amount of false positives (false P labels) is greater than the amount of false
negatives (false NP labels). Even if the P/NP ground truth has been generated taking into
account anticipation [12], the results reported in Figure 4.19 let us believe that it starts
much earlier than expected.

Due to the aforementioned observations, we answer to RQ4 as follows. On the one
hand, a more detailed analysis of the images can be performed (e.g., including features
extracted by the mouth region) thanks to which a static image could be enough for P/NP
labeling. On the other hand, we cannot exclude that an image itself is partially infor-
mative. For instance, we expect that musicians’ movements could be informative as
well. Additionally, timbral features from the audio recording can be used in a multi-
modal fashion.

4.7.4. EVALUATING THE STRATEGIES FOR MISSING DETECTIONS
In Section 4.5.6 we proposed two ways of dealing with the limited availability of observa-
tions (namely, highest TC and merging). We evaluated the two strategies by considering
the case of ideal face clustering input, using global features extracted from the upper
body region and by setting the P/NP clustering rejection threshold to 80%. The results
summarized in Table 4.1 show that both strategies are beneficial. In fact, when nothing
is done (standard case), the timeline coverage is always the lowest.

In the highest TC case, the result is a direct consequence of using the labels from
the most visible musician. While in the merging strategy, the advantage comes from
the availability of multiple P/NP labels obtained by exploiting the musician redundancy
within each instrumental part. Due to this redundancy, the voted labels can be inferred
with more confidence at the majority voting step (see Section 4.5.5). Overall, the most
effective strategy is merging.

4.7.5. QUALITATIVE ASSESSMENT
We also qualitatively assessed the P/NP labeling performance generating a PNP matrix.
This matrix shows all the P/NP sequences produced for different instrumental parts. In
Figure 4.20 compares the ground truth matrix and the one generated for the OSV dataset.
The latter is generated using global features extracted from the upper body region and



4.7. RESULTS

4

67

strategy standard highest TC merging
score A TC A TC A TC

RCO 0.890 0.262 0.884 0.369 0.884 0.429
OSV 0.926 0.863 0.927 0.867 0.927 0.873

Table 4.1: Comparing the standard method with two possible strategies dealing with missing observations.
The scores are computed considering the ground truth face labels, global features extracted from the upper
body region and adopting 80% as rejection threshold for the PNP clusters. The merging strategy significantly
improves the performance in the RCO case, while it has limited benefit in the OSV case. This is expected since
the latter is a fixed camera recording and every musician is always visible.

by setting the P/NP clustering rejection threshold to 80%.
From this example, we observe that the dominant error is indeed caused by the false

positives and that for some instrumental parts a significant number of labels are missing
(in particular for the clarinet and the horn).

4.7.6. HUMAN ANNOTATION EFFICIENCY
We addressed the last research question (RQ5) by assessing the balance between the effi-
ciency and effectiveness of the human annotation required by our system. We evaluated
whether the system generates a close-to-optimal number of P/NP clusters and measured
the ratio between the amount of required human annotations and the number of gener-
ated P/NP labels. As for the notation used here, we refer to Section 4.5.3.

First, we assessed whether our method produces too many or too few sub-clusters
Sc

m . Figure 4.21a and Figure 4.21b report the results for the RCO and the OSV dataset
respectively. The plots show how the timeline coverage (TC) and the accuracy (A) change
by varying the number of generated P/NP clusters. The results were obtained using the
P/NP clustering based on global features extracted from the upper body region. To show
the significance of the results, we also evaluated the random baseline’s performance.
In both cases, the ground truth face labels are used and the P/NP clustering rejection
threshold is set to 80%. For each musician we estimated the number of points of view
and we considered twice as many sub-clusters (as explained in Section 4.5.3). Then, we
used an additional factor Ø applied to increase (or decrease) the number of sub-clusters
per musician. For instance, when Ø = 5, the number of sub-clusters is ten times the
number of the estimated points of view. When Ø = 0.5 the number of sub-clusters is
exactly the number of points of view. In summary, the value set for Ø affects the overall
number of sub-clusters

P|MGT|
m=1 Cm .

In Figure 4.21a, we see that on the left of Ø = 1, the performance quickly decreases.
By contrast, on its right side the timeline coverage slowly increases. This pattern is even
more evident for the OSV concert (Figure 4.21b). In this case there is a sharp transition
from the case in which there is only one sub-cluster per musician (namely when Ø 2
{0.25,0.50}) and a saturation of the performance for values of Ø bigger than the unity.
Both results show that the way the system chooses the number of sub-clusters is optimal
to avoid unnecessary over-segmentation. Adding too many clusters would lead to extra
manual annotation but with little advantage in terms of accuracy and timeline coverage.
Similarly, we see that the system generates the critical number of sub-clusters which are
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(a) Ground truth P/NP matrix.

(b) P/NP matrix via P/NP clustering

Figure 4.20: Comparing the P/NP matrices for the OSV performance. The merging strategy has been applied.
Therefore both matrices have one row per instrumental part.
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necessary to avoid that P and NP images consistently fall together into one cluster.
Finally, we computed the ratios between the overall number of detections and the

number of produced sub-clusters. The former is defined as
P|MGT|

m=1 |Sm |, while the latter

is defined as
P|MGT|

m=1 Cm . For the RCO dataset, the ratio is equal to 52204/530 = 98.5 and
for the OSV dataset 42084/126 = 334. This means that on average one human label is
propagated to about 100 detections in the RCO dataset and more than 300 in the OSV
one.

4.8. DISCUSSION
In this final section, we report the limitations we have encountered while deploying a
number of state-of-the-art methods hence suggesting possible research directions for
the future.

The face detection step is critical for our system since it directly affects the timeline
coverage. We found that off-the-shelf detectors are optimized to achieve high precision
and that the recall is not satisfying like evident, for instance, from the example of Fig-
ure 4.6 in which approximately only one third of the musicians is detected. Our attempt
to overcome this problem by combining multiple heterogeneous detectors helped, but
it may be useful to investigate more how to improve the face detection recall in videos.

When clustering the faces, it is important to limit the number of generated clusters
in order to reduce the amount of human annotation. State-of-the-art face clustering so-
lutions designed to limit the number of produced clusters are available. However, they
work assuming that the initial clusters are nearly 100% pure. What we found in our ex-
periments is that this does not always hold. More specifically, we observed either very
pure face clusters or fuzzy ones and that the latter usually contain images with lower
resolution and/or profile faces. In order to maximize the utility of each detected face,
and once again avoid negative impact on the timeline coverage, face clustering methods
should be improved so that non-pure clusters are detected and discarded or treated with
alternative strategies.

Furthermore, a more detailed analysis of the image segmentation process is needed.
The idea of exploiting the head pose to determine the upper body region of a musician
seems to be effective. We evince this by inspecting the results obtained at the P/NP clus-
tering step when upper body images are clustered — i.e., empirical evaluation of the
segmentation process. However, it may be the case that the optimal size of the upper
body bounding box changes for different types of instruments. Hence, a more detailed
analysis of the segmentation process should be carried out, eventually measuring the
performance in analytical fashion rather than an empirical one.

Finally, by investigating the limitations of our approach, we learned that there are
cases in which a non-playing image is very similar to a playing one due to the anticipa-
tion before the actual note onsets. What we have observed shows that the playing/non-
playing information is not simply encoded in the spatial configuration between the mu-
sical instruments and the body parts as assumed by state-of-the-art methods. Addi-
tional information has to be extracted by, for instance, exploiting the richness in the
face region, the musicians’ movements and/or auditory features. A second issue to be
considered is how to possibly label the discarded images. For instance, using the non-
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(a) RCO dataset (face ground truth labels used). By increasing the number of generated P/NP
clusters (Ø> 1) both the A and the TC scores slightly increase (saturation of the performance). By
contrast, when Ø< 1 our method generates much less pure P/NP sub-clusters. This is an indicator
that a suitable number of sub-clusters is chosen. Differently, in the case of the random baseline
method, increasing Ø leads to a substantial increase of the TC score. This shows that the number
of generated sub-clusters is optimal for the method we propose.

(b) OSV dataset. In this case, there is only one point-of-view on every musician and therefore the
estimated number of sub-clusters is 2 for every musician. When Ø 2 {0.25,0.50}, only one sub-
cluster per musician is generated. Due to the P/NP rejection threshold set to 0.8, only those musi-
cians who play for at least 80% of the performance timeline will be labeled as always playing. For
this reason, we observe a drop of the TC score and a decrease of the A score. Differently, when
Ø > 1, the performance slightly improves. This saturation shows once again that the dominant
difference in the images is the performed playing/non-playing action and therefore that two sub-
clusters for each point-of-view are enough.

Figure 4.21: Assessing whether the amount of required human annotation by our system is optimal. We verify
whether the system generates the optimal number of P/NP sub-clusters. Generating too many clusters leads
to unnecessary human labor, on the other hand the critical number of P/NP sub-clusters has to be generated
in order to avoid too many non-pure sub-clusters. We have added the horizontal dashed lines to compare
the performance obtained by different values of Ø to that obtained when Ø is 1 — i.e., the default number of
generated P/NP clusters.
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discarded, and hence labeled, clusters of images, ad hoc classifiers could be trained to
relabel the discarded face detections and the images from the discarded sub-clusters.
Future work may also be directed towards the exploration of the additional information
resources mentioned above and the exploration of relabeling strategies.





5
EXPLOITING SCENE MAPS AND

SPATIAL RELATIONSHIPS IN

QUASI-STATIC SCENES FOR VIDEO

FACE CLUSTERING

In this chapter, we narrow down to a more specific problem that must be solved when
videos of large music ensemble scenes are analyzed. As pointed out in the previous chapter,
the performance of video face clustering largely affect that of the annotation step. Namely,
if we infer that images of two distinct musicians represent the same person, the corre-
sponding annotation sequence (e.g., playing/non-playing labels) is likely to contain er-
rors. For this reason, we further studied the properties of classical music videos and found
that people’s positions in a scene are (quasi-)stationary. By exploiting this property, which
also applies to e.g., talk shows or sitcoms, a more effective and efficient video face clus-
tering strategy can be pursued. This chapter presents a method that automatically builds
a map of the scene from an unconstrained video. The map is then exploited to perform
sub-graph matching on pairs of face graphs corresponding to visually overlapping scenes.
Experimental assessment indicates that the spatial relationships between people can sub-
stantially improve the clustering performance compared to the state-of-the-art in the field.
Also, thanks to the scene map, our method becomes more efficient than the traditional
ones, because it avoids the comparison of each face track pair. Finally, we show that our
method becomes even more effective with crowded shots, which are typically challenging
for traditional methods due to the lack of visual detail.

This chapter was published as: Alessio Bazzica, Cynthia C. S. Liem, Alan Hanjalic. Exploiting scene maps and
spatial relationships in quasi-static scenes for video face clustering. Image and Vision Computing Vol.57, pp.
25-43, January 2017
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Figure 5.1: Example of quasi-static scenes: the filmed people’s spatial configuration is stationary over a partic-
ular time interval.

Annotating where and when a person appears in a video over time can be benefi-
cial in many applications including video retrieval [54] and video surveillance [63]. This
type of annotation essentially involves two steps, namely detecting a person in a video
frame and linking the appearances of the same person across different frames. These
operations can be done manually, automatically, or semi-automatically.

Manual annotation can be accurate since a human annotator can easily spot faces in
the wild and say whether two faces belong to the same person. However, a fully manual
annotation process is typically tedious and time consuming. As an alternative, auto-
matic methods can be applied; they typically work by first detecting people via face de-
tection and tracking, and then by linking the detected faces either by recognition [110]
or clustering [99, 22, 76, 54]. Fully automatic methods scale well with long videos, but
they may not guarantee a satisfying performance as several types of errors can occur.
For instance, (profile) faces may not be detected, leading to lack of coverage [85]. Non-
face regions can be mistaken for faces and face trackers can drift. Face recognition may
also fail, especially when the face images are not detailed enough, and it can only work
for known people, for which identity models need to be built using a collection of la-
beled images. Face clustering solutions are more generally applicable as they do not rely
on trained identity models, but they typically suffer from the sub-clustering problem,
which occurs when different visual appearances of one identity are recognized as differ-
ent people. Given the current caveats of fully manual and automatic methods, the most
viable approach for person annotation in practice may lie somewhere in-between, in the
form of semi-automatic methods that effectively combine automatic computation and
human annotation [108, 10]. Such methods can be further optimized by improving, in
particular, the reliability of automatic clustering modules in order to significantly reduce
the human effort.

In view of the above, automatic face clustering methods are critical for either fully
automated or semi-automated face annotation scenarios and there are still numerous
challenges to be pursued in order to bring the robustness and reliability of such methods
to an acceptable level. In this chapter we provide a novel contribution in this direction.

A logical starting point to develop an automatic face clustering method is the infor-
mation derived from the visual appearance of a face in a video frame. Relying on this
source alone has, however, been shown to be unreliable due to a large degree of varia-
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tions of faces’ visual appearances across video frames and shots. This is due to the factors
like camera viewpoint, face pose (e.g., profile vs. frontal face) and face scale (e.g., close-
up vs. group of people) [107]. To cope with these challenges, contextual information
could be exploited that characterizes specific categories of video.

In [53], visual features related to clothing proved to be beneficial in the case of TV
talk shows. Furthermore, when the audio channel is closely coupled to the visual one,
as in the case of a debate with the active speaker being filmed, speech features could
strengthen the link between two people’s appearances if the visual channel is not suffi-
ciently informative [54]. While these approaches may lead to better performance, they
are not applicable to all videos since the required information may not always be avail-
able. Methods relying on visual context information (e.g., clothing) may still suffer from
the challenges of matching images at multiple scales and from multiple camera angles.
Besides, there are cases in which the additional analyzed cues may not be discriminative
enough to distinguish different subjects (e.g., similar clothing, similar voice).

Another step towards a more comprehensive solution is including contextual infor-
mation which still is available in the visual domain, but related to the environment. For
instance, people co-occurrence patterns [103, 107] can be used to link face sub-clusters.
This approach can help to improve the recall. However, it relies on the assumption that
the sub-clusters to merge are nearly 100% pure, which is difficult to guarantee in practice
[13].

In this work, we propose a video face clustering method that exploits contextual in-
formation derived from the relative position of people appearing in quasi-static scenes
–– i.e., scenes in which the spatial configuration of the objects appearing in a video is
(quasi-)stationary over a particular time interval. As explained in more detail in Sec-
tion 5.2.1, the term “quasi” is used to allow limited variations in the visual appearance of
the objects. For instance, the visual appearance of a face may change due to head move-
ment or occlusion and the face object can also slightly move. As shown in Figure 5.1,
this scene category applies to a broad range of video genres including, for instance, talk
shows and TV debates, TV game shows and symphonic concerts.

In addition to being applicable to a large variety of videos, our proposed solution also
removes the need for often tedious and time consuming processes of building person
identity models. Therefore, although some quasi-static videos (e.g., talk shows and TV
debates) may involve well-known people, for whom facial recognition could be applied,
we still pursue a generic clustering solution for this entire category.

Finally, our method can handle complex situations, in which the number of people
to be annotated is large. For instance, in an overview shot including dozens of people,
the visual detail of each face can be quite poor. However, the relative position between
two people can still provide useful information to infer the correct identities.

As shown by the example in Figure 5.2, the proposed method consists of the following
steps:

• a map of the scene is learned by finding a set of geometrically consistent matches
between keyframes (see view 1, 2, and 3);

• the regions of visual overlap between matching keyframes are computed (see the
black, blue, and red regions and the arrows connecting them);
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view 1 

view 2 view 3 

A 

C 
E 

B 

D 

Figure 5.2: An illustration of the proposed method that exploits a map of the scene automatically built from the
video keyframes (see the black, red and blue boxes and their mutual visual overlaps). Such map is then used to
infer face matches which are propagated across the viewpoints (e.g., face A in view 1 indirectly matches face E
in view 3 through face C in view 2).

• the overlapping keyframe pairs are used to efficiently match faces via sub-graph
matching [111] (see the white arrows connecting faces across keyframes);

• a face matches graph is built and used to derive the final face clusters via con-
nected component analysis.

Following this procedure, our algorithm avoids a brute-force comparison between each
face pair and exploits the spatial configuration of the filmed people as information for
matching their appearances, making it effective when dealing with different viewpoints,
different zoom levels and/or varying head poses and expressions.

To the best of our knowledge, this is the first time that the spatial configuration of
the filmed people is exploited as context to enable clustering of faces. To encourage
further research, we release the code and a fully annotated dataset, referred to as the QSS
dataset, which has been built using four YouTube videos and a professional symphonic
orchestra video.

The chapter is organized as follows. We start by giving an overview of the related
work in video face clustering in Section 5.1. Then, in Section 5.2, we explain how we
address the limitation of the existing approaches and present our method in Section 5.3.
The details about the datasets and the evaluation approach are reported in Section 5.4,
while in Section 5.5, we assess our method by comparing it to a number of baselines
and existing approaches. The conclusions drawn from this comparison are reported in
Section 5.6, together with an outlook towards future research.
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5.1. RELATED WORK
Video face clustering can be performed in several ways, depending on the type of infor-
mation a method exploits. A standard pipeline involves the following steps: (key)frame
based face detection, face tracking (typically informed by shot boundaries), visual fea-
tures extraction and, finally, building face track clusters using similarity scores between
faces (or face tracks). A popular paper describing a video face clustering system is [85].

The main distinguishing factor of a method is the type of information and features
being exploited. A method can rely on clustering constraints that are automatically gen-
erated, and different strategies to compute visual face similarity. Depending on the type
of video, contextual information can also be exploited. As anticipated in the example of
Figure 5.2, our proposed method also relies on two extra steps: generating a map of the
scene and solving a number of sub-graph matching problems.

In this section, we first review the state-of-the-art approaches (Section 5.1.1 — 5.1.3).
Section 5.1.1 focuses on the exploitation of automatically generated constraints; Sec-
tion 5.1.2 reviews how face visual similarity can be computed. Finally, Section 5.1.3 ex-
plains how different contextual information can be used. We end this section by review-
ing existing algorithms for video scene maps generation and for sub-graph matching
(Section 5.1.4 and Section 5.1.5 respectively).

5.1.1. EXPLOITING CONSTRAINTS
Videos can be used to automatically infer cannot- and must-link constraints [109, 102,
104]. Temporal face sequences, or face tracks, are first computed by means of image
tracking. Then, the faces detected in the same keyframe are used to generate cannot-
link constraints, whereas those belonging to the same track are used to infer must-link
ones.

While this approach is effective, it should not be neglected that it is limited to con-
tinuous video shots. When a shot boundary occurs, all active face trackers need to be
stopped and re-initialized. As a consequence, inferring constraints across different shots
is not possible.

5.1.2. VISUAL FACE MATCHING
In order to link face tracks across different shots, in which the camera angle and the zoom
level are typically different, visual appearance information from each detected person
can be exploited. Most methods work by extracting face descriptors from which a matrix
of similarity scores is computed. Ideally, when two faces belong to the same identity,
the computed score is high, regardless of factors affecting the visual appearance (such
as head pose, face size, expressions, glasses, lighting conditions, occlusions). Several
authors proposed robust visual matching strategies to address the aforementioned chal-
lenges [22, 52, 104, 99, 112, 19, 51, 81].

The method presented in [22] relies on deformable face templates used to learn face
models and account for variable poses (left-right and up-down). The matching is per-
formed using person-specific templates at near-frontal poses only. While this method is
often used to filter out non-reliable images, it cannot recognize a person’s face track if
the faces never occur frontally.

In [52], the authors proposed a biometric model that handles face variations across
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conditions and time. More specifically, their system trains one model for each face track
aiming to capture the different appearances of a person. Then, the learned models are
compared to measure the similarity for each face track pair. While this approach has
the potential to reduce the sub-clustering problem, there is no guarantee that each face
track includes enough appearance variations to match the same person from different
viewpoints and at different scales.

The method presented in [104] relies on 13 facial landmarks (to be extracted from
each face detection) and a novel weighted block-sparse low rank representation. This
approach shows superior performance, but it is limited to near-frontal poses only and
requires sufficient image quality to extract the facial landmarks.

In [99] the authors combined the following ideas. Since most face detectors identify
bounding boxes whose sizes are noisy, a brute-force face pairs comparison is performed
by comparing sets of narrower and larger bounding boxes. A mutual information simi-
larity score, based on color histograms, is adopted to compute an initial face similarity
matrix. Cannot- and must-link constraints, extracted as explained in Section 5.1.1, are
used to replace the scores with 0 and 1 (maximum similarity) respectively. The obtained
matrix is then used to derive global similarity scores by using rows from the initial ma-
trix as features. The face clusters are finally generated via spectral clustering. While this
method effectively exploits the richness of each face track to overcome visual appear-
ance variation issues, it lacks efficiency. In fact, it relies on an affinity matrix of pair-wise
face similarity scores with the number of rows (and columns) equal to the sum of the
face tracks lengths. The computation of each score is not as efficient as computing the
distance between two feature vectors, because it needs a joint histogram to be computed
for each face pair. In addition, each score requires a number of face pair comparisons
quadratic in the number of bounding box resize factors.

The authors of [112] designed a method for personal photo collections which ad-
dresses the need of linking loosely connected face sub-clusters caused by large visual
appearance variation of a subject. They do this by relying on a rank-order distance
computed by analyzing the neighbors of each face. While this method showed supe-
rior performance and efficiency, it does not directly apply to the video face clustering
case (e.g., face track constraints would be unexploited). Also, the authors recommend
that, when available, information like “social context, body, time, location, event, and
torso identification” [112] is included (which is indeed the case we address).

Another promising approach has recently been proposed in [19], where the authors
use a number of feature sets to discover and exploit their complementarity. More specif-
ically, by enforcing diversity constraints, their algorithm derives a number of similarity
matrices which are mutually less correlated than those independently extracted from
each feature set. This approach outperformed state-of-the-art methods, both on per-
sonal photo collection and video face clustering datasets. While the authors do not put
any requirement on the face pose, the experiments only included (near-)frontal faces.

Spatial relationships derived from the face region were proposed in [51] and [81].
Local face features are first detected within each bounding box and then tracked over
time in order to derive spatio-temporal descriptors. As in [104], these methods require
sufficient image resolution. Besides, [81] is designed only for frontal faces. Earlier, we
claimed to be the first to exploit spatial configuration of filmed people as context to en-
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able face clustering. While the methods in [51] and [81] also use spatial relationships,
these are extracted from the faces rather than from the scene.

5.1.3. EXPLOITING CONTEXTUAL INFORMATION
Various types of contextual information, like clothing visual features [53] and people co-
occurrence patterns [107], were employed to link faces appearing in different shots or
different pictures more robustly than done in the methods presented in Section 5.1.2.

In [53], clothing visual features are used as visual context. While such a solution
is more robust to appearance variation in the face region, it suffers from appearance
differences caused by occlusions and multiple-view and multi-scale shots. In addition,
it is not applicable when people change clothing throughout a single video or when they
wear similar clothes. The latter case for instance occurs in the case of symphonic music
concerts, in which all the musicians typically dress in black.

People co-occurrence patterns have been successfully used in face clustering solu-
tions for personal photo collections. In [107], the authors assign face cluster similarity
scores by detecting groups of clusters containing faces which co-occur in the same set
of pictures. Together with clothing information, their cluster merging approach signif-
icantly reduced the sub-clustering problem. However, the proposed technique is only
applicable when the initial face clusters are nearly 100% pure. As observed in [13], this
does not occur with faces extracted from videos, whose image quality is too often lower
than visually rich portraits in personal photo collections.

5.1.4. GENERATING SCENE MAPS
Our method relies on a map of the scene that has to be automatically learned by an-
alyzing the video keyframes. Two main categories of approaches to solving this learn-
ing problem have been proposed, namely (i) for videos consisting of a single continu-
ous shot (e.g., [88]), and (ii) for the cases characterized by frequent viewpoint switches
(e.g., [86] adapted to videos). In this work, we focus on the latter category, because it is
applicable to videos that consist of multiple shots.

The technique presented in [86] has originally been designed for applications like
Microsoft Photo Tourism.1 Given an unordered collection of images, the spatial rela-
tionships between pictures are estimated in order to automatically create a navigable
panorama of a specific location. For instance, a large collection of tourists’ photos taken
around the Trevi Fountain area in Rome can be used to reconstruct, and then explore,
that particular area.

The photos are taken in an arbitrarily large but still limited geographical space (e.g., a
famous square) and in an uncontrolled way — i.e., from an arbitrary number of arbitrary
viewpoints. Also the pictures taken from the same viewpoint may vary in appearance be-
cause of several factors. For instance, different bystanders usually appear in the photos,
lighting conditions change (e.g., weather, camera flash, night/day), and different cam-
eras are used.

The robustness to the aforementioned factors makes [86] and similar approaches
also suitable for quasi-static scene videos. For quasi-static scenes as well, recordings are

1http://research.microsoft.com/en-us/um/redmond/groups/ivm/PhotoTours/

http://research.microsoft.com/en-us/um/redmond/groups/ivm/PhotoTours/
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made in an arbitrarily large but still limited space (e.g., a TV studio) and using multiple
cameras and different zoom levels. Instead of occasional bystanders, our videos include
people that move in-place — i.e., displaying movement at approximately fixed positions.
Lighting conditions may change throughout the video timeline (e.g., spotlight onto a
single person at a specific moment).

As will be detailed in Section 5.3.2, we build a map of the scene by finding a set of
geometrically consistent matches between each image pair as done in [86]. Such a map
is exploited to match faces between overlapping keyframe pairs. A similar approach is
used in [86], where the authors exploit the sparse geometry information to make photo
collections annotation more efficient. They state that “if an object is annotated with a set
of keywords in one photo, transferring the annotation to other photos enables multiple
images to be added to a keyword search database based on a single annotation.”. While
in [86] the authors refer to objects whose appearance does not change (e.g., a statue), in
our case transferring annotations can be more challenging because the face region may
be subjected to head pose change, occlusions (e.g., placing a hand on the mouth while
yawning, playing a musical instrument) and different facial expressions. In addition, the
visual information from a face can be poor (as shown in the example in Figure 5.3).

5.1.5. SUB-GRAPH MATCHING

Our approach includes a step where, given a pair of images I and I 0, the common iden-
tities have to be identified and matched. At this step, we want to include information
about the relative position between people. This problem can be seen as a maximum
common sub-graph (MCS) matching problem [8], where the optimal match between
nodes belonging to two distinct graphs G and G 0 has to be found, allowing both graphs
to have extra nodes and edges. In our case, the two images I and I 0 are respectively en-
coded as two graphs G and G 0 of which the nodes and edges represent the detected faces
and their spatial relationships. As we will show in Section 5.3, it is possible to reduce the
problem to a more efficient sub-graph matching problem than the MCS problem.

The state-of-the-art solutions for graph matching essentially differ in the way in which
the optimization problem is solved and in the type of information that is encoded in the
graphs. The Hungarian algorithm [55] works by solving a combinatorial optimization
problem using a cost matrix which encodes the cost of linking every possible pair of
nodes u 2G and u0 2G 0. While this is a popular algorithm, it is not suitable for our goals,
since there is no straightforward way of including information on the spatial relation-
ships between the detected faces.

We have therefore considered [111], which solves the optimization problem by jointly
exploiting two similarity matrices, namely one for the nodes and one for the edges.
This algorithm, called factorized graph matching, was successfully applied to the task
of matching parts of two objects of the same family. For instance, when matching two
images of two different cars, the front wheel of a car has to match to the front wheel of the
other one. In [111], the spatial relationships between nodes are included by extracting
edge descriptors (e.g., apparent distance and angle between the connected nodes) which
are finally used to derive an edge similarity matrix. As will be detailed in Section 5.3, we
adopted [111] as an off-the-shelf solution for our sub-graph matching problem.
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Figure 5.3: Visual information can be poor especially in images of large groups where the face resolution is
low. However, a human annotator can still match the same person from different viewpoints by relying on the
spatial information.

5.2. RATIONALE AND CONTRIBUTIONS

In this chapter, we address the limitations identified in Section 5.1.1 – 5.1.3 in a novel
way, exploiting the properties of a restricted, yet relevant, class of videos. Namely, we
focus on quasi-static scene videos, for which we present the properties in Section 5.2.1.
We then explain the followed rationale in Section 5.2.2 and highlight our contribution in
Section 5.2.3.

5.2.1. QUASI-STATIC SCENES

We define a quasi-static scene as a scene featuring objects (including faces) whose po-
sitions and visual appearance are quasi-stationary over a particular time interval. The
attribute “quasi” is used to allow for slight variations in object positions (like a person
moving on the chair while talking) and the variations in the visual appearance of the ob-
jects that may result, for instance, from a person turning the head or occluding the face
by hand waving. Also, the visual appearance of the entire scene may slightly vary with
the changes in lighting conditions (e.g., through the usage of spotlights). Finally, we also
allow limited parts of the scene to substantially change their visual appearance, like in
the case where there is a screen on the studio wall, of which the visual content changes
over time.

A quasi-static scene video is typically recorded in a single place (e.g., a TV studio, a
concert hall) and, in general, by multiple cameras placed at different locations allowing
for usual recording actions (e.g., through zooming or panning). Examples of quasi-static
scenes are political debate programs or TV game shows, which are typically organized in
a number of stages during which the debaters or players hold the same general position.
A further example is a video of a symphonic concert, in which each musician performs
from the same spot. Quasi-static scenes may also occur in movies (e.g., dialog scenes).
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step 4: face clusters generation 
via connected components analysis 
goal: propagate the face matches 

step 2: find the region of overlap 
via robust homography estimation 

goal: ignore the faces that cannot match 

INPUT 
video keyframes + face detections 

step 1: scene map generation 
via epipolar relationships estimation 

goal: find views with common subjects 

step 3: pair-wise face matching 
via sub-graph matching (for each pair of overlapping keyframes in the scene map) 
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Figure 5.4: An overview of our proposed method designed to link faces across shots of quasi-static scene videos.
Given a set of keyframes, we first build a scene map GI in which overlapping keyframes pairs are linked. The
regions of overlap are estimated and a pair-wise face matching problem is solved for each linked keyframe pair.
Finally, the face matches are used to build a graph GF whose connected components will correspond to the
sought face clusters.

5.2.2. APPROACH RATIONALE
Our method is inspired by the experience acquired while manually annotating sym-
phonic music videos, as illustrated by the example of Figure 5.3. At the top left, we see
a face image extracted from a small bounding box. The visual information is extremely
poor, making it hard (or even impossible) to recognize a person even for a human an-
notator. However, if we consider where the bounding box is in the image (top right), we
can exploit the fact that the positions of the filmed subjects are stationary. As a conse-
quence, we can infer a match between face images from different viewpoints with high
confidence. While this is intuitive for a human being, devising an automatic computer
vision method that mimics this approach is not trivial.

5.2.3. CONTRIBUTIONS
In this work, we propose an effective and efficient ad-hoc video face clustering algorithm
for the class of quasi-static scene videos. The properties of these videos allow for the
automatic buildup of a scene map, together with the inference of spatial relationships
between the filmed people. As we will show, employing this contextual information is
beneficial for tackling the challenging problem of linking face tracks across shots. Lever-
aging this, the core contributions of this chapter are as follows:

• we propose an efficient method to check if two faces belong to the same person on
selected face track pairs, hence avoiding a brute-force comparison between each
possible face track pair;

• we propose a new agglomerative face clustering strategy based on connected com-
ponent analysis to efficiently propagate face matches across different viewpoints
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Table 5.1: List and descriptions of relevant symbols.

symbol description
fk k-th keyframe
K number of extracted keyframes
D set of detections

dk,l l-th detection in the k-th keyframe
GI keyframe connectivity graph

pk, j region of overlap between keyframes
Gk temporary face graph for keyframe fk

GF face matches graph
∏ face matches graph pruning factor

and different zoom levels.

5.3. PROPOSED METHOD
Our method, summarized in Figure 5.4, automatically generates clusters of faces de-
tected on a keyframe basis. Face tracking can optionally be used to enrich the visual
appearance information extracted from each face image within each keyframe (see Sec-
tion 5.3.1). In the ideal case, each formed cluster will contain all the faces of a single
identity appearing in the given video. Our method consists of four steps, as detailed
below.

The goal at the first step is to find good keyframe pair candidates in which we can find
people in common (Section 5.3.2). We generate a map of the scene by finding robust ge-
ometrically consistent visual matches across the extracted keyframes, like was done in
[86]. Knowing that two keyframes cannot match is used to avoid unnecessary compar-
isons between the faces they contain. The computed map is then encoded as a graph
GI , where each node corresponds to a keyframe. Two nodes in GI will be connected by
an edge, if the corresponding keyframe pair exhibits visual overlap. Such overlap occurs
when there are one or more visual cues occurring in both keyframes (e.g., overlapping
keyframes resulting from a continuous camera panning).

Then, as the second step, for each edge in GI we find the regions of overlap (Sec-
tion 5.3.3) in order to focus on the face detections falling in these regions. In this way, we
exclude additional face pairs that cannot match, because placed in different parts of the
scene. Due to the first and the second step, we do not need to compute a full face affinity
matrix, as it is instead done in most of the existing methods.

In the third step, we consider again each edge in GI in order to jointly match all the
faces within the regions of overlap of each found keyframe pair (Section 5.3.4). This is
done by solving a sub-graph matching problem via the factorized graph matching algo-
rithm presented in [111]. Here, we do not rely just on visual appearance information,
but we also consider the spatial configuration of the faces in the two keyframes. In this
way, the matching process becomes robust to variations in viewpoint and appearance
(e.g., lighting, different pose, hand on the mouth while yawning). All the inferred face
matches are stored in a new graph GF , in which a node corresponds to a detection and
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an edge to a matching face pair.

Finally, we isolate the nodes in GF into clusters that correspond to each connected
component in GF (Section 5.3.5). As a consequence, all the face detections linked to-
gether by a direct edge or by a path will fall into the same cluster.

The relevant notation used in the following sections is presented in Table 5.1 and our
video face clustering algorithm is reported in Algorithm 1, also containing the pointers to
different steps of the method. In the remainder of this section, we explain all aspects of
our method and its different steps illustrated by the modules in Figure 5.4. Each module
in the figure has its counterpart in the corresponding part of this section.

Algorithm 1 Quasi-static scene face clustering.

function QSS FACE CLUSTERING

GI √ empty undirected graph . Steps 1 and 2
for k 2 {1 . . .K } do

for j 2 {k +1. . .K } do
if fk matches f j then

add edge k $ j in GI
pk j √ REGION OF OVERLAP(fk , f j )
p j k √ REGION OF OVERLAP(f j , fk )

end if
end for

end for
GF √ empty undirected graph . Step 3
for all edge (k, j ) 2GI do

Gk √ TEMPORARY FACE GRAPH(k,p j ,k )
G j √ TEMPORARY FACE GRAPH( j ,pk, j )
for all (dk,l ,d j ,m) 2 SUB-GRAPH MATCHING(Gk ,G j ) do

add edge (k, l ) $ ( j ,m) in GI
end for

end for
return CONNECTED COMPONENTS(GF ) . Step 4

end function

function TEMPORARY FACE GRAPH(k,p)
G √ empty directed graph
for all detection dk,l in fk do

if dk,l falls in p then add node (l ) in G
end if

end for
add edges in G . see Section 5.3.4
return G

end function
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Figure 5.5: The map of the scene is built by identifying keyframe pairs which exhibit visual overlap.

5.3.1. INPUT: KEYFRAMES AND DETECTIONS
We consider the case in which the video face clustering is performed on a keyframe ba-
sis — i.e., not continuously over time. The keyframes are extracted from different video
shots [3] and denoted as fk , with k 2 {1 . . .K } and K is the overall number of extracted
keyframes. This case can be extended to the continuous one by means of face tracking,
as done in several related works. However, it is out of the scope of this chapter to pro-
pose such an extension. We also do not propose a specific keyframe sampling strategy.
The details about the way we have selected the keyframes in our proposed dataset are
reported in Section 5.4.1.

Once the keyframes are extracted, the presence of one or more subjects in each key-
frame fk has to be annotated by determining the set of detections D = {dk,l }. Here, dk,l is
the l-th detection and each d is defined as d = (x, y, w,h) where (x, y) and (w,h) are the
center and size of the face bounding box respectively. Differently from several related
methods mentioned in Section 5.1, we impose no restrictions to the accuracy of posi-
tioning the face bounding boxes nor on the head visual appearance of the head. Namely,
heads can appear at any pose, also from the back, and occluded faces are tolerated (e.g., a
hand on the face) as well as different facial expressions. Details on how we approached
face detection are given in Section 5.4.1.

5.3.2. STEP 1: SCENE MAP GENERATION
At this step, we aim to generate a map of the scene which is encoded as a keyframe con-
nectivity graph GI . Two nodes in GI will be connected by an edge if the correspondent
keyframe pair exhibits visual overlap. Such overlap occurs when there are one or more
visual cues occurring in both keyframes (e.g., overlapping keyframes resulting from a
continuous camera panning moving towards a constant direction). The common cues
can belong to the scene and/or to the filmed people. An example of the output that we
expect is reported in Figure 5.5, in which we can see 3 keyframes and the overlap rela-
tionships between each keyframe pair.

We first find a set of geometrically consistent matches between each keyframe pair
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as done in [86]. Namely, we detect keypoints (e.g., SIFT [60]) and compute the associated
local descriptors for every keyframe storing them in a kd-tree. For each keyframe pair,
the keypoint descriptors in the corresponding kd-trees are matched via approximate
nearest neighbors [4]. The found matches are filtered out by using the ratio test [60] and
removing inconsistent ones — i.e., those associated to a keypoint descriptor in one im-
age which is matched more than once in the other image. Then, for each keyframe pair a
fundamental matrix is robustly estimated using RANSAC [36] with the eight-point algo-
rithm [46]. The computed matrix is refined via the Levenberg-Marquardt algorithm [73]
and a final outliers filtering operation is performed. Finally, for each keyframe pair such
that the number of inliers is greater than a given threshold, a weighted edge is added to
the keyframe connectivity graph GI setting the number of inliers as weight.

Depending on the actual visual overlap between keyframes, as well as the effective-
ness of the overlap detection method described above, the number of connected com-
ponents in GI will range from 1 to K (the number of extracted keyframes). A connected
component could result, for instance, from a frequent shot recorded from the same view-
point, at the same zoom level, and with no visual overlap with any other shot. In this par-
ticular example, the corresponding connected component can be strongly connected,
hence having a number of edges that is quadratic to the number of nodes. For our
face clustering method, this is inefficient, since it would generate unnecessary keyframe
comparisons at the pair-wise face matching step (Section 5.3.4). We therefore reassign
GI to its maximum spanning tree (MST step).

5.3.3. STEP 2: REGIONS OF OVERLAP
The goal at this step is identifying the regions of overlap for each keyframe pair in GI .
This output will be used in the subsequent step to reduce the search space when the
detected faces have to be matched. An example of the produced output is shown in
Figure 5.6, in which the brightest areas correspond to the overlap regions. Faces outside
of them — i.e., within darker areas — can be ignored because they belong to different
identities (and therefore they cannot match).

Given a keyframe pair (fk , f j ) and the final keypoint matches found during the first
step, the two regions of overlap are computed as follows. First, the homography Hk j
between the fk and f j is computed using RANSAC. Then, the four vertices of fk are pro-
jected onto f j through Hk, j and, analogously, the four vertices of f j are projected onto
fk through H j ,k = H°1

k, j . The resulting polygons, denoted as pk, j and p j ,k respectively,
define the sought region of overlap.

5.3.4. STEP 3: PAIR-WISE FACE MATCHING
Once the map of the scene is generated, we exploit it to match faces between overlapping
keyframe pairs. The idea is to jointly match faces by solving an optimization problem
that takes into account both the similarity between faces across two keyframes, as well
as their relative positions. To this end, we use the factorized graph matching algorithm
presented in [111].

Given a keyframe pair (fk , f j ) for which an edge was added in GI , we build two tempo-
rary graphs Gk and G j encoding the presence of faces in the regions of overlap computed
for the pair. Each temporary graph is built as follows (example given for the keyframe fk ):
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Figure 5.6: Given a keyframe pair (fk , f j ) with visual overlap, we generate two temporary graphs Gk and G j
encoding the presence of faces in the regions of overlaps and their spatial relationships.

• we select the face annotations dk,l whose bounding box center falls in the region
of overlap p j ,k ;

• for each selected face, we add a node in Gk ;

• each node is labeled with the corresponding bounding box’s center (x, y);

• such coordinates are used with the Delaunay triangulation algorithm to compute
a list of undirected edges between the nodes in Gk ;

• for each undirected edge u $ v , the directed edges u ! v and u √ v are added to
Gk ;

• each directed edge e is labeled with the Euclidean distance D(e) between the nodes
it connects as well as the angle Æ(e) between itself and the horizontal line;

• the number of nodes and directed edges in Gk is denoted as nk and mk respec-
tively;

• the edges of Gk are encoded as node-edge incidence matrices Uk and Vk .

Gk and G j are directed because the angle between a directed edge u ! v and the hori-
zontal line is different from that computed for u √ v . Figure 5.6 shows an example of the
generated output.

The two temporary graphs are then used as follows to find the optimal node matches,
which will correspond to the sought face matches. We compute two affinity matrices
Kp 2 Rnk£n j and Kq 2 Rmk£m j which are the node and the edge similarity matrices re-
spectively. Kp is computed considering the visual appearances of each face and/or the
corresponding visual context. For instance, a set of global features can be extracted from
each face bounding box and used to compute similarity scores between the selected
faces in fk and f j . More details about the way Kp was computed in our experiments
are reported in Section 5.4.2. The edge affinity matrix Kq is computed by comparing
each pair of directed edges in Gk and G j . Given an edge pair (e,e 0), we compare the
labeled distances and angles as follows. First, for each graph, we divide the computed
edge distances D(e) by the largest value. Then we define ¢D = |D(e)°D(e 0)| and ¢Æ as
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Figure 5.7: Once the face matches graph GF , which is built on top of the scene map encoded in the GI graph, is
computed, we generate the face clusters by simply isolating the faces belonging to each connected component
Gi

F Ω GF . The colored edges connecting the faces across the keyframes represent the found face matches —
i.e., edges in GF .

the smallest difference between the angles Æ(e) and Æ(e 0). These two sets of dissimilar-
ity scores are divided by max¢D and º respectively. Finally we compute the similarity
between e and e 0 as exp(°2.5(¢D +¢Æ)). Using the node-edge incidence matrices pairs
(Uk ,Vk ) and (U j ,V j ), and the affinity matrices Kp and Kq (both scaled in the interval
[0,1]), we find the optimal matching X solving the following problem:

X̂ = argmax
X2¶

Jg m(X) = tr(KT
p X)+ tr(KT

q Y) (5.1)

where¶, the set of partial permutation matrices, and Y are defined as

¶= {X|X 2 {0,1}nk£n j ,X nk ∑ n j ,XT
nk ∑ n j } (5.2)

Y = (UT
k XU j ±VT

k XV j ) 2 {0,1}mk£m j (5.3)

assuming nk ∏ n j (± in (5.3) is the Hadamard product). The objective Jg m(X) is optimized
with the path following algorithm described in [111]. X̂ encodes the matches between the
faces falling in the regions of overlap of the two analyzed keyframes.

Finally, we build a face matches graph GF , which is initialized by adding one node
for each detected face dk,l 2D. All the inferred face matches (encoded in the set of com-
puted X̂) are stored in GF by adding an edge for each matching face pair.

5.3.5. STEP 4: FACE CLUSTERS GENERATION
Once all the visually overlapping keyframe pairs are analyzed, the face matches graph GF
is used to form the sought face clusters. At this final step, we simply isolate the connected
components Gi

F Ω GF and we form one cluster for each sub-graph Gi
F . The faces of the

i -th face cluster correspond to the nodes of Gi
F . This results in a simple and lightweight

operation which allows to link faces across non-matching keyframe pairs.
Figure 5.7 shows an example of the expected output and summarizes how the GI and

GF graphs are used to form the face clusters. GI and GF are drawn in the leftmost and
rightmost boxes respectively. In the middle of Figure 5.7, GF is visualized on top of GI . GI



5.4. EXPERIMENTAL SETUP

5

89

Table 5.2: QSS dataset properties.

video annotated length annotated shots face tracks faces identities
News debate 15 / 17 min. 134 / 144 325 4,268 6
Game show 15 / 19 min. 132 / 183 280 5,266 5

TV series 5 / 5 min. 82 / 82 175 1,507 3
Roundtable 5 / 5 min. 20 / 20 87 3,263 7
Orchestra 4h 35m / 6h 43m 210 / 381 2,066 28,567 55

is always a forest, due to the MST step described in Section 5.3.2. Its nodes are visualized
as the corresponding keyframes and the edges as thick black lines. The nodes in GF are
shown as circles and the sought face matches as colored lines (one color per identity was
used). In the rightmost box the connected components in GF are represented as clouds
containing the face detection IDs belonging to each cluster. There are seven identities,
nine face clusters are formed.

By inspecting Figure 5.7, it is clear that some additional keyframe links would have
been unnecessary. For instance, connecting the keyframes 3 and 9 would not have changed
the final results. This justifies why we have added the MST step to relax the keyframe
connectivity graph GI (see Section 5.3.2). However, if the keyframes 1 and 3 had been
connected in GI , we would have correctly obtained one face cluster less, because G2

F
and G7

F would have been linked by the face match B1-A3. We decided to always apply
the MST relaxation and we left a detailed investigation of alternative strategies for future
work.

Optionally, to favor the formation of nearly 100% pure clusters, the following pruning
step can be applied to GF :

• a fraction of the total number of edges m is set, e.g., m0 = d∏me where ∏ 2 [0,1];

• the edges in GF are weighted using the node similarity scores computed for the
affinity matrices Kp (see Section 5.3.4);

• the weights are then used to rank the edges (the top edge has the highest weight);

• the top m0 edges are retained.

A value of ∏ close to zero will favor purity over a limited sub-clustering generation.

5.4. EXPERIMENTAL SETUP
In this section we present our dataset (Section 5.4.1), provide details about the imple-
mentation of our method (Section 5.4.2), define the evaluation measures (Section 5.4.3),
and describe the baseline methods and the comparisons we performed (Section 5.4.4).

5.4.1. DATASET
We propose a novel dataset, namely the QSS dataset, that has been annotated by the
authors. It consists of five videos, four were downloaded from YouTube (“news debate”,
“game show”, “TV series” and “roundtable” - QSS-YouTube subset) and one is a sym-
phonic orchestra’s performance raw recording (“orchestra”). The QSS-YouTube videos
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Table 5.3: QSS-YouTube subset video IDs.

video YouTube ID
News debate 5RFWD7DRkAs
Game show RsRjP_suxmk

TV series t0xERWYs55g
Roundtable YSEl2WJtg8w

consist of broadcast edits with several shots; they have been recorded from multiple
viewpoints and at different zoom levels. The “orchestra” video consists of 4 sets of 7
synchronized videos (one set per movement); the videos within each set are synchro-
nized and have been recorded by different cameras. For each video, we provide a set of
keyframes, one per shot, annotated in terms of the faces appearing therein and a set of
face tracks, also one per shot. We note that we have not processed and annotated all the
shots in the videos due to the complexity of the annotation task. We believe, however,
that the available amount of data is sufficient to arrive to conclusive results about the
method performance. The properties of the videos and the available data per video in
the QSS dataset are reported in Table 5.2 and Table 5.3.

Differently from other benchmark datasets, like “Buffy the vampire slayer” [85] and
“Notting Hill” [99], our dataset includes manually fixed face annotations (more than 2900
labeled faces in total), including profile poses and also heads filmed from the back. Such
annotations can be exploited for a more detailed assessment of people video annotation
systems. In particular, timeline coverage [13] can now be measured; it relates to how
many characters are identified over time and, as stated in [85], it is often neglected.

For each shot, we extracted the central keyframe and semi-automatically annotated
the presence of faces using a state-of-the-art face detector [64] and an off-the-shelf an-
notator2. In order to obtain error-less face detections, false detections were manually
discarded and missing faces were added including profile faces and even people ap-
pearing from the back (which frequently occurs in the orchestra video). For each non-
discarded face detection, we ran the OpenTLD tracker3 [50] to extract a face track from
the shot to which the face belongs. Since the keyframes are selected as central frame
in the shot, we ran the tracker twice for each face (backward and forward in time) link-
ing the computed tracklet pairs. Similarly as done in [102], we sub-sampled the face
tracks by retaining one face image every 10 frames from each face track. For the “orches-
tra” video only, due to its long duration and large number of filmed people, we instead
retained one face image every 30 frames and also limited the face track lengths to 18 im-
ages. Note that after this data reduction process, the data size of our experiment is still
much larger than that of [99], where about 1,000 face images per video were used (see
Tab 5.2 for comparison). The annotations that we produced are publicly available for
download4 and include the reference keyframe and shot boundary timestamps, the face
bounding boxes geometry and the ground-truth labels. The original raw orchestra video
is available on request.

2http://faint.sourceforge.net/
3https://github.com/zk00006/OpenTLD
4http://mmc.tudelft.nl/users/alessio-bazzica#QSS-dataset

http://faint.sourceforge.net/
https://github.com/zk00006/OpenTLD
http://mmc.tudelft.nl/users/alessio-bazzica#QSS-dataset


5.4. EXPERIMENTAL SETUP

5

91

5.4.2. IMPLEMENTATION DETAILS
In order to experiment with variations of face-related visual object appearance, for each
face, we also extracted the upper body region — i.e., face and torso — extending the face
bounding boxes as done in [13], but ignoring the head pose. We extracted the follow-
ing sets of global features as done in [13]. Faces were described by Pyramid Histograms
of Oriented Gradients, Joint Composite Descriptor, Gabor texture, Edge Histogram, and
Auto Color Correlogram [61]. The same features were used for upper body images adding
the Local Binary Patterns. The node similarity matrices Kp defined in Section 5.3.4 were
computed exploiting the available face tracks as follows. Given two faces belonging to
two distinct keyframes, their similarity score is computed as the similarity between the
correspondent face tracks using the “min-min distance” [85] (we used the Euclidean dis-
tance). Namely, we build a temporary matrix of pair-wise face (or upper body) similarity
scores, and we get its maximum.

At the scene map generation step (Section 5.3.2), we found the geometrically consis-
tent matches between each keyframe pair as done in [86] using the SIFT keypoint de-
tector [60] and the Bundler Structure from Motion Toolkit5 without changing the default
parameters. For the pair-wise face matching step (Section 5.3.4), we used the Factorized
Graph Matching Toolbox from [111]6 using the default parameters.

5.4.3. EVALUATION MEASURES
We evaluate and compare different face clustering methods in two ways. In the first one,
we assess how each method can balance precision and recall. To this end, we adopt
the B-cubed precision and recall scores [2] to compute one series of score pairs for each
evaluated method by varying the number of generated clusters. In the second one, we
rank the evaluated methods using the average B-cubed F-measure.

The B-cubed scores are computed as follows. Let L(d) and C (d) denote the ground-
truth face label and the assigned cluster label of a face detection d respectively. We first
define the correctness function M(d,d0) as follows:

M(d,d0) =
Ω

1 if L(d) = L(d0)^C (d) =C (d0)
0 otherwise

(5.4)

Then, the B-cubed precision and recall (Pr e and Rec) and the weighted F-measure
(FØ) are defined as follows:

Pr e = average
d2D

µ
average

d02D|C (d)=C (d0)

≥
M(d,d0)

¥∂
(5.5)

Rec = average
d2D

µ
average

d02D|L(d)=L(d0)

≥
M(d,d0)

¥∂
(5.6)

FØ = (1+Ø2) · Pr e ·Rec
(Ø2 ·Pr e)+Rec

(5.7)

5https://github.com/snavely/bundler_sfm
6http://www.f-zhou.com/gm_code.html

https://github.com/snavely/bundler_sfm
http://www.f-zhou.com/gm_code.html
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Table 5.4: Evaluated face clustering methods.

Method Description
RND Random baseline.

Bf, Bu Baseline method, based on face (Bf) or upper body (Bu) visual ap-
pearance.

MI Mutual information visual similarity measure, intra-shot constraints,
and spectral clustering [99].

QSSenf, QSSenu Proposed method, based on face (QSSf) or upper body (QSSu) visual
appearance.

In our experiment, we set Ø = 0.5 in order to put more emphasis on the precision
term. This was done because, for face clustering tasks, precision is typically preferred
over recall. In fact, when a human operator has to refine the automatically generated
clusters, it is often preferable to merge nearly 100% pure ones instead of cleaning clusters
which contain faces belonging to several identities.

5.4.4. EVALUATION APPROACH

We select a number of methods serving as references for assessing our proposed method.
These methods, listed in Table 5.4, are representative of the various state-of-the-art so-
lutions reported in Section 5.1.2 – 5.1.3. Briefly, next to a random baseline (RND), we
include a number of other baselines (Bf, Bu) in order to check whether minimum signif-
icant performance is achieved. Furthermore, we compare to [99] (MI) which relies on
face tracks constraints and face visual appearance similarity (Section 5.1.1 – 5.1.2). MI is
based on mutual information and a brute-force comparison, which should be more ro-
bust to visual appearance variations. Finally, the list includes a method based on visual
features extracted from the face (QSSenf ) or upper body region (QSSenu). The latter has
been added in order to assess the power of visual information from the face region and
the context (more specifically, clothing).

The random baseline (RND) assigns a random cluster to each face track. The other
two baseline methods use k-means and represent each face track as a single feature
vector extracted either from the face region (Bf method) or the upper body region (Bu
method) in the corresponding keyframe — i.e., no additional visual information de-
rived from the available face tracks is exploited. The same face and upper body vi-
sual feature sets used for the QSS methods are used (see Section 5.4.2). We also exploit
keyframe-based cannot-link constraints to set the similarity score of each face pair in
each keyframe to zero — i.e., soft cannot-link constraints. We evaluate our method com-
puting the node similarities for the pair-wise face matching step (Section 5.3.4) consid-
ering either face (QSSenf) or upper body (QSSenu) visual appearance (see Section 5.4.2
for the implementation details). The MI method works by applying spectral clustering to
an affinity matrix having one row/column per face. Hence, one label per face is assigned.
We derive a single label per face track by majority voting as done in [102].

Note that we extract a single label per face track because our objective is assessing
how good each evaluated method is at linking face tracks across shots. Namely, we con-
sider the task of labeling each face track and not each face within each face track. In
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Table 5.5: Evaluated QSS face clustering methods.

Method Description
QSSe QSS with edge similarity only — i.e., Kp is empty.

QSSnf QSS with node similarity only (face features) — i.e., Kq is empty.
QSSnu QSS with node similarity only (upper body features) — i.e., Kq is empty.
QSSenf Full QSS method (face features).
QSSenu Full QSS method (upper body features).

_co People co-occurrence analysis refinement step.

this way, long shots containing long face tracks, for which a large number of cannot- and
must-link constraints can be automatically derived, will not bias the final result, and we
can therefore measure the actual power of making correct links between people appear-
ing across different video shots.

In order to gain more insights on the power of scene and spatial relationship informa-
tion for video face clustering, we also compare different internal options applied to our
method. Namely, we measure the performance of the QSS algorithm using node-only
and edge-only similarity information at the pair-wise face matching stage (QSSnf /QSSnu
and QSSe respectively). In the latter case, upper body visual similarities are used only at
the face matches graph pruning step (see Section 5.3.5). We also add the co-occurrence
analysis method used in [107] as optional refinement step. We do this to understand
to what extent our method implicitly exploits the information encoded in people co-
occurrence patterns. The refinement step is applied iteratively, merging the best face
cluster pairs obtained by considering the top N matches where N is approximately one-
third of the total number of matching pairs. The loop ends if the maximum number
of iterations is reached (we used 10 in our experiments) or when no matching pairs are
found. The list of QSS alternative methods is reported in Table 5.5.

We conduct the experiments described above using the error-less face detections
(see Section 5.4.1) in order to assess the effectiveness of the proposed face clustering
method itself. In particular, we want to assess the idea to exploit spatial relationships
between objects in quasi-static scenes as contextual information, with the focus on the
upper limit of its performance. Assessing the side effects of real-world (imperfect) face
detector errors is beyond the scope of this chapter.

Still, one may wonder how noisy spatial relationships, generated by face detection
errors, could affect the final performance of our proposed method. We therefore con-
duct an additional experiment to simulate how the QSSenu method tolerates the most
common type of face detection error [13], namely missing faces. The results are reported
in Section 5.5.2.

More in detail, we simulate missing faces by randomly discarding different percent-
ages of error-less annotations from our dataset. We do not compare QSSenu to other
methods because a fair comparison would require a more realistic way of discarding
faces. In fact, the random process we use does not take into account size or orientation
of a head, whereas in practice face detectors more likely miss small faces or profile ones.

In all the experiments, we balance precision and recall in different ways depending
on the method. For the QSS algorithm, we control the number of generated clusters
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(a) “Roundtable” video. (b) “TV series” video. (c) “News debate” video.

(d) “Game show” video. (e) “Orchestra” video.

RND Bf Bu

MI QSSenf QSSenu

(f) Legend.

Figure 5.8: Comparison between baselines (RND, Bf, Bu), the mutual information method (MI) proposed in
[99] and our proposed method (QSSenf, QSSenu). Bf and QSSenf rely on face features, whereas Bu and QSSenu
rely on upper body visual features. This figure is best seen in color.

by varying ∏. As explained in Section 5.3.5, it is a parameter at the pruning step which
affects the number of retained edges in the face matches graph. In all the other methods,
we pick the desired number of face clusters from the interval between the number of
identities in the video and the number of detected faces. We sample 20 points from each
B-cubed precision recall curve.

5.5. RESULTS AND DISCUSSION
In this section, we report the results obtained on the QSS dataset along with examples
of intermediate output from our algorithm (Section 5.5.1). Additional results showing
the extent to which our method is robust to face detection false negatives are reported in
Section 5.5.2. We also explain how our approach may fail (Section 5.5.3) and comment
on the scalability of the evaluated methods (Section 5.5.4).

5.5.1. FACE CLUSTERING RESULTS
We report two different sets of results. One is used to compare our proposed method with
a number of baselines and the mutual information face clustering algorithm from [99]
(see Figure 5.8 and Table 5.6). The second result set is used to understand how different
internal choices for the QSS method affect the final face clustering result (see Figure 5.9
and Table 5.7). We compute both the B-cubed precision-recall curves (see Figure 5.8 and
5.9) and the average F-measure scores for each video and each method (Table 5.6 and
Table 5.7).

Existing methods vs. quasi-static scene clustering. The B-cubed precision-recall
curves in Figure 5.8a — 5.8e show us four things. First, the mutual information (MI)
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Table 5.6: Face clustering results on the QSS dataset (best method for each video highlighted in bold, average
F-measure and standard deviation, Ø= 0.5 — i.e., precision-biased). The QSSenu method always outperforms
the other methods, except for the TV series video. MI is the second best method, except for the “roundtable”
video. These results show that better overall face clustering performance can be achieved when information
from a quasi-static scene is exploited.

method Roundtable TV series News debate Game show Orchestra
RND 0.273 ± 0.025 0.143 ± 0.059 0.111 ± 0.020 0.116 ± 0.029 0.103 ± 0.018

Bf 0.433 ± 0.065 0.191 ± 0.089 0.232 ± 0.121 0.193 ± 0.094 0.137 ± 0.018
Bu 0.465 ± 0.085 0.232 ± 0.138 0.251 ± 0.150 0.225 ± 0.128 0.156 ± 0.025
MI 0.393 ± 0.073 0.322 ± 0.159 0.302 ± 0.125 0.295 ± 0.123 0.259 ± 0.102

QSSenf 0.537 ± 0.112 0.200 ± 0.089 0.299 ± 0.140 0.295 ± 0.181 0.259 ± 0.074
QSSenu 0.527 ± 0.107 0.258 ± 0.128 0.319 ± 0.143 0.344 ± 0.187 0.263 ± 0.080

method curves are above the baseline ones (Bf, Bu) only in the “orchestra” video case. By
contrast, the QSS method curves exhibit such desired pattern on 3 videos out of 5 and,
in the other 2 cases, the same pattern partially occurs (in the high precision region of the
plots). Second, the mutual information method (MI) slowly grows in precision, whereas
both QSSenf and QSSenu start with a steep increase in recall, while keeping a precision
very close to 1.0. Third, the QSS method is biased towards precision and it has limited
recall. Finally, we consistently see that when a method exploits visual information be-
yond the face region (Bu and QSSenu), it produces better performance than the face only
option (Bf and QSSenf). However, the performance further improve when information
from the quasi-static scene is exploited (Bf and Bu vs. QSSenf and QSSenu).

The performance of each evaluated methods on each video are summarized in Ta-
ble 5.6. The average F-measure Ø = 0.5 scores show that the QSSenu method always
performs better than the baselines and the mutual information method with the only
exception of the “TV series” video, for which it is the second best method.

The QSS method’s bias towards precision shows that we effectively exploit the com-
bination of scene information and people visual appearance similarity. Recall is limited;
however, as it will be explained in Section 5.5.3, this issue can be solved by improving
the recall at the scene map generation step. The true power of our proposed method
is shown in the “orchestra” video, which includes several crowded shots. In this case,
the visual detail typically lacks; hence, the spatial information exploited by our method
becomes essential in order to obtain accurate face clustering results.

Different options for the QSS method. We then compare how the face clustering
performance change when different combinations of spatial and visual information are
used at the pair-wise face matching step (see Section 5.3.4). In addition, we try to com-
bine our method to the people co-occurrence refinement step from [107], which aims
to increase the face clustering recall. We do this to verify whether our method implicitly
exploits the information about recurrent groups of people.

First, Figure 5.9a – 5.9e consistently show that using upper body visual features out-
performs face ones (except for the “roundtable” video, where the two feature sets per-
form on par). When information about the relative positions between people is added
(QSSnf/QSSnu vs. QSSenf/QSSenu), the face clustering performance does not always
improve (see Figure 5.9c) and it can even decrease, like in the “roundtable” video case
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(a) “Roundtable” video. (b) “TV series” video. (c) “News debate” video.

(d) “Game show” video. (e) “Orchestra” video.

QSSe QSSe_co

QSSenf QSSenuQSSenf_co QSSenu_co

QSSnuQSSnf QSSnu_coQSSnf_co

(f) Legend.

Figure 5.9: Comparison between the QSS methods. QSSe uses edges similarity alone at the pair-wise face
matching step. QSSnf anf QSSnu use nodes similarity alone (with face and upper body visual features respec-
tively). QSSenf and QSSenu use both edges and nodes similarity instead. The “co” suffix is used when the
people co-occurrence refinement step is applied. This figure is best seen in color.

Table 5.7: Comparing different options for the QSS method (best method for each video highlighted in bold,
average F-measure and standard deviation, Ø= 0.5 — i.e., precision-biased). These results show how different
similarity functions used at the pair-wise face matching step affect the face clustering performance. We clearly
see that including edges similarity is significantly beneficial for the orchestra video only. This means that the
information encoded in the relative distances and angles between people can be noisy for videos featuring a
few subjects; whereas the same information becomes extremely powerful in the opposite case.

method Roundtable TV series News debate Game show Orchestra
QSSe 0.527 ± 0.107 0.220 ± 0.096 0.321 ± 0.145 0.343 ± 0.184 0.259 ± 0.077

QSSe_co 0.525 ± 0.105 0.264 ± 0.137 0.326 ± 0.150 0.342 ± 0.179 0.260 ± 0.077
QSSnf 0.566 ± 0.142 0.224 ± 0.125 0.296 ± 0.137 0.277 ± 0.178 0.188 ± 0.028

QSSnf_co 0.565 ± 0.140 0.258 ± 0.134 0.299 ± 0.139 0.294 ± 0.181 0.189 ± 0.029
QSSnu 0.558 ± 0.139 0.297 ± 0.161 0.322 ± 0.147 0.350 ± 0.211 0.250 ± 0.068

QSSnu_co 0.556 ± 0.137 0.309 ± 0.163 0.327 ± 0.152 0.343 ± 0.193 0.251 ± 0.068
QSSenf 0.537 ± 0.112 0.200 ± 0.089 0.299 ± 0.140 0.295 ± 0.181 0.259 ± 0.074

QSSenf_co 0.537 ± 0.112 0.248 ± 0.123 0.303 ± 0.143 0.297 ± 0.180 0.261 ± 0.073
QSSenu 0.527 ± 0.107 0.258 ± 0.128 0.319 ± 0.143 0.344 ± 0.187 0.263 ± 0.080

QSSenu_co 0.525 ± 0.105 0.282 ± 0.142 0.325 ± 0.149 0.342 ± 0.182 0.264 ± 0.080
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(see Figure 5.9a). However, we observe again that in the “orchestra” video, which is rich of
crowded scenes, including the edge similarities at the pair-wise face matching step helps
(see Figure 5.9e). Finally, when we also use the people co-occurrence refinement al-
gorithm (QSSe vs. QSSe_co, QSSnf/QSSnu vs. QSSnf_co/QSSnu_co and QSSenf/QSSenu
vs. QSSenf_co/QSSenu_co), we do not see any significant improvement. This is partic-
ularly true for the “orchestra” video, where the five B-cubed precision-recall curve pairs
overlap.

The F-measure scores reported in Table 5.7 also show that edges similarity at the pair-
wise face matching step is only beneficial in the “orchestra” video case. For the same
video, we also see that when visual information is ignored (QSSe), the performance are
already close to the best options (QSSenu and QSSenu_co).

In our method we exploit the following two types of spatial information: one derived
by the automatically built scene map, and one by the relative positions between peo-
ple. From the results presented above, we infer that the former is already sufficient to
find good face matches (QSSnf and QSSnu). It also means that edges similarity, which
encodes relative distances and angles between people, can be noisy for videos featur-
ing a few subjects; whereas the same information becomes extremely powerful in the
opposite case. Finally, the people co-occurrence refinement results prove that the QSS
method fully embeds information about recurrent groups of people. Given these con-
clusions, we recommend that the QSSnu method is used when a few subjects are filmed,
whereas the QSSenu method should be used in videos that include crowded shots.

Intermediate results. We also show the behavior of our method by reporting ex-
amples of intermediate results (see Figure 5.10 – 5.11). Figure 5.10a shows that good
matches are found on overview shots depicting large groups of people whose images
lack of visual detail. Figure 5.10b shows correct matches in presence of cluttering. Cor-
rect matches are also found for a musician whose face is occluded by an instrument
and in the second image by another person (Figure 5.10c). Matching across different
camera angles and zoom level is demonstrated in Figure 5.10d and Figure 5.11b. TV pro-
grams may include visual effects, like split screens (see Figure 5.11a and Figure 5.11b),
and the scene may change throughout the timeline (see Figure 5.11c). In these case, by
estimating good regions of overlap, correct face matches can be still found. Finally, in
Figure 5.11d and Figure 5.11e, we observe that our method copes with head pose change
(including faces filmed from the back) and people that move in place.

5.5.2. ROBUSTNESS ANALYSIS
Since our method relies on spatial relationships that are derived by the available face
annotations, one may wonder how errors at the face detection step affect the final video
face clustering performance. Two types of error can occur at this step. False positives
are regions of an image not corresponding to a face; false negatives occur instead when
a face is missed. Since face detectors are typically tuned towards high-precision [13], we
focus on the most frequent type of error that is the false negative.

As shown in the examples of Figure 5.12, false negatives may significantly change
the temporary graphs generated in our approach (see Section 5.3.4) leading to poor sub-
graph matching accuracy. In the first row (figs. 5.12a and 5.12b), we show the temporary
graphs and the sub-graph matching result in the ideal case of perfect face detection.
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(a) The orchestra video includes overview shots in which people’s images lack of visual detail. How-
ever, our approach correctly leverages the rich information about the spatial configuration.

(b) Cluttered scenes. (c) Occlusions and different actions.

(d) Different viewpoints.

keyframe pair + 
regions of overlap (magenta) +
selected face detections (circles) 
+ temporary graphs

keyframe pair + 
pair-wise face matching 
results

additional 
match

missing 
match

correct match wrong 
match

(e) Legend.

Figure 5.10: Examples of intermediate results of our proposed method (“orchestra video”). The QSS face clus-
tering algorithm successfully deals with several real world data challenges: lack of visual detail (which usually
occurs in crowded scenes), cluttering, occlusions, people appearance variation because of interaction with ob-
jects and performed actions, different viewpoints and head poses (including faces filmed from the back). This
figure is best seen in color.
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(a) Split screens. (b) Relative positions change.

(c) Changes in the scene. (d) Faces from the back.

(e) People moving in place.

keyframe pair + 
regions of overlap (magenta) +
selected face detections (circles) 
+ temporary graphs

keyframe pair + 
pair-wise face matching 
results

additional 
match

missing 
match

correct match wrong 
match

(f) Legend.

Figure 5.11: Examples of intermediate results of our proposed method (QSS-YouTube subset). Our method
also works well with edited videos which may include, for instance, split screens (see Figure 5.11a). Changes
in the scene can be also tolerated (see the background change in Figure 5.11c). If relative positions between
people often change, the QSSnu option can be used in place of of QSSenu (see Figure 5.11b); however, if the
quasi-static scene assumptions hold, the QSSenu method tolerates people moving in place (see Figure 5.11e).
The full set of augmented keyframe pairs can be downloaded from https://goo.gl/zxRmFA. This figure is
best seen in color.

https://goo.gl/zxRmFA
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The other two rows instead show the results when 20% (figs. 5.12c and 5.12d) and 50%
(figs. 5.12e and 5.12f) of the faces are randomly discarded. We observe that, as the num-
ber of discarded faces increases, the number of correct matches decreases.

In this experiment, we consider different percentages of face annotations to dis-
card (namely 10%, 20%, 30%, 40% and 50%). For each percentage and each keyframe
of a video, we generate a random subset of face annotations. We then use the QSSenu
method and measure its performance as a function of the percentage of discarded faces.
We repeat this process 3 times and average the B-cubed precision-recall scores since dis-
carding faces is a randomized process. The results for each video are reported in fig. 5.13.

The plots in Figure 5.13 show that for every video, the performance drops when miss-
ing faces occur. We also observe that the gap between the ideal case (blue curves) and
the worst case (discarding rate set to 50%, red curves) is larger for those videos that in-
clude a few unique identities (e.g., compare Figure 5.13b to Figure 5.13e). This can be ex-
plained by the fact that “crowded” videos contain richer spatial information that makes
our method more robust to face detection false negatives.

5.5.3. FAILURE ANALYSIS
When analyzing how our method fails, we found three main factors affecting the accu-
racy of the produced face clusters.

Inexact regions of overlap lower the precision. Sometimes a wrong region of overlap
(Section 5.3.3) is estimated and it leads to wrong matches at the pair-wise face matching
step (see Figure 5.14). While this seldom happens, it can significantly lower the precision
since a single mistake can erroneously link two connected components in GF that belong
to two different identities.

A sparse scene map lowers the recall. At the scene map generation step, good keyframe
pairs are always identified. However, several pairs with common identities are missing.
More in details, we noticed that pairs only differing in zoom level are correctly found,
whereas keyframes taken from viewpoints with large baseline (see Figure 5.15) are not.
The lack of intermediate viewpoints leads to missing connections between such pairs.
This results in a sparse scene map — i.e., the graph GI has several connected compo-
nents — which lowers the overall recall of our method.

On-screen text regions deteriorate the scene map and the region of overlap estima-
tions. By inspecting the intermediate results for the news debate video, we found that
several regions of overlap were wrong. We hypothesized that the presence of on-screen
text regions affects their estimation, hence we employed an off-the-shelf text detector
[71] to mark the extracted keypoints as outliers if detected in a text region. By compar-
ing the face clustering results using all the detected keypoints and then only the inliers,
we see that such an inexpensive keyframe pre-processing step leads to increased perfor-
mance (see Figure 5.16b).

5.5.4. SCALABILITY
In this chapter, we focus on off-line video face clustering algorithms; hence, a discussion
on efficiency may be less relevant than that of Section 5.5.1 about accuracy. However,
the evaluated methods have some fundamental design differences affecting scalability
and application scope.
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(a) Correct face annotations (temporary graphs).

(b) Correct face annotations (sub-graph matching).

(c) Discarded annotations: 20% (temporary graphs).

(d) Discarded annotations: 20% (sub-graph matching).

(e) Discarded annotations: 50% (temporary graphs).

(f) Discarded annotations: 50% (sub-graph matching).

Figure 5.12: False positives at the face detection step reduce the sub-graph matching performance (correct and
mistaken matches noted as green and yellow/red circles respectively). Above, we report three different results
on the same pair of matching keyframes. As the number of discarded faces increases, the number of correct
matches decreases. This figure is best seen in color.
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(a) “Roundtable” video. (b) “TV series” video. (c) “News debate” video.

(d) “Game show” video. (e) “Orchestra” video.

all -10% -20%

-30% -40% -50%

(f) Different discarding rates.

Figure 5.13: Performance of the “QSSenu” method (edge and node similarity, upper body features) as a func-
tion of the percentage of discarded face detections (i.e., false negatives). The blue curves indicate the per-
formance when all the annotations are used, while the red ones correspond to 50% of discarding rate. Some
curves overlap because the number of subject of a video are too few. These results show that our method suffers
from poor face annotation performance, especially when a video includes a few unique identities (e.g., “TV se-
ries”). By contrast, when a video records larger groups, like in the “orchestra” video, our method is more robust
to missing face detections. This figure is best seen in color.

Figure 5.14: Inexact estimations of the regions of overlap may cause pair-wise face matching errors.
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missing
intermediate

view

large baseline
Figure 5.15: Views of the same group of people with large baseline do not connect if there are no intermediate
viewpoints.

(a) We filtered out the keypoints falling in on-screen text regions.

(b) When text regions keypoints are filtered (solid line), better face clustering performance are
achieved.

Figure 5.16: On-screen text regions affect the scene map generation worsening the face clustering perfor-
mance. A simple and inexpensive text removal pre-processing step reduces such side-effect.
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As already mentioned in Section 5.4.4, a face clustering algorithm can be designed
to derive either one label per face, like done in [99], or one label per face track (e.g., our
baselines and our proposed method). There are also hybrid approaches using majority
voting [102]. Second, a method may require that a full (dis-)similarity matrix is com-
puted, and such matrix can contain either face [99] or face track pair-wise scores. Simi-
larly, constraints can be also encoded as full pair-wise matrices [102].

As shown in Table 5.2, the magnitude of the number of face tracks is less than that of
the face track lengths (even if the face tracks have been shortened). Hence, methods that
only need to compute face tracks similarities are more efficient than those based on faces
similarity scores. One way to reduce the number of face pair comparisons is exploiting
must-link and cannot-link constraints automatically derived by the face tracks (like done
in [99]). However, thanks to the quasi-static assumptions, our method further reduces
the number of computed face track pair scores. This is possible since the scene map and
the regions of overlap (see Section 5.3.2 and 5.3.3) tell us which face track pairs are good
candidates.

Also note that the authors in [99] originally propose to use all the frames to extract
rich visual information out of each face track. While this helps a spectral clustering algo-
rithm to generate good clusters, it makes the approach infeasible for videos that are long
and/or include several subjects (as in the case of our “orchestra” video).

5.6. CONCLUSIONS
We presented a video face clustering method for quasi-static scene videos, where people
maintain the same positions on the scene, but still display movement at their location. In
this case, the spatial relationships between people can be used as contextual information
to reliably match the detected faces, especially in crowded scenes which typically lack of
visual detail.

We compared spatial information to other known sources (e.g., clothing, people co-
occurrence patterns, face track constraints). Our results show that the proposed ap-
proach effectively and efficiently takes advantage of the quasi-static scenes properties
and, when ideal face detection output is used, face clusters are formed with very high
precision. By simulating errors at the face detection step, we learned that the perfor-
mance of our method decreases when a detector misses faces. However, in the challeng-
ing case of videos featuring dozens of different people, the drop is not as large as when a
video only features a few subjects. Finally, we learned that our method can still be effec-
tive when the quasi-static scenes requirements are relaxed, and people change relative
positions over time.

These outcomes suggest that our method is well-suited for existing annotation frame-
works like [108], in which a human-in-the-loop process is used to obtain high quality
output. We therefore plan future research directed towards integrating the QSS algo-
rithm in real-life semi-automatic annotation frameworks, evaluating to what extent it
will make the computer-aided annotation more efficient. While the dependency on ideal
face detection may limit the applicability of our method to a fully automatic system, we
showed that spatial information extracted from the scene and the relative positions be-
tween the filmed people is the missing piece for efficient and effective context-based
video face clustering.
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VISION-BASED DETECTION OF

ACOUSTIC TIMED EVENTS: A CASE

STUDY ON CLARINET NOTE ONSETS

This chapter continues the type of discussion that we started in Chapter 2, but now follow-
ing a supervised approach. Also, differently from playing/non-playing labels, we consider
musically relevant information at a fine temporal resolution. Namely, we switch to note
onsets detection and narrow down to the woodwind and brass instruments which, differ-
ently from other instruments, require the analysis of finger movements. To this end, we
devise a novel method based on deep learning and on multiple regions of interest to be
tracked, which makes the method suitable for handling moving cameras. More specifi-
cally, we propose a 3D convolutional neural network based on multiple streams and pur-
posely avoiding temporal pooling. We release a fully annotated audiovisual dataset with
4.5 hours of clarinetist videos including about 36,000 onsets, and carry out preliminary
experiments showing that our proposed classifier currently performs only on par with a
ground-truth informed random baseline. While the gap between vision-based and audio-
only note onsets detection (performed on isolated audio tracks) is rather large, this work
paves the way to solving the more general problem of acoustic timed events detection.

This chapter was published as: Alessio Bazzica, Jan C. van Gemert, Cynthia C. S. Liem, Alan Hanjalic. Vision-
based Detection of Acoustic Timed Events: a Case Study on Clarinet Note Onsets International Workshop on
Deep Learning for Music, in conjunction with the International Joint Conference on Neural Networks (2017).
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Acoustic timed events take place when persons or objects make sound, e.g., when
someone speaks or a musician plays a note. Frequently, such events also are visible: a
speaker’s lips move, and a guitar cord is plucked. Using visual information we can link
sounds to items or people and can distinguish between sources when multiple acoustic
events have different origins. We then can also interpret our environment in smarter
ways: e.g., identifying the current speaker and indicating which instruments are playing
in an ensemble performance.

Understanding scenes through sound and vision has both a multimodal and a cross-
modal nature. The former allows us to recognize events using auditory and visual stimuli
jointly. But when e.g., observing a door bell button being pushed, we can cross-modally
infer that a bell should ring. In this chapter, we focus on the cross-modal case to detect
acoustic timed events from video. Through visual segmentation, we can spatially isolate
and analyze sound-making sources at the individual player level, which is much harder
in the audio domain [13].

As a case study, we tackle the musical note onset detection problem by analyzing
clarinetist videos. Our interest in this problem is motivated by the difficulty of detecting
onsets in audio recordings of large (symphonic) ensembles. Even for multi-track record-
ings, microphones will also capture sound from nearby instruments, making it hard to
correctly link onsets to the correct instrumental part using audio alone. Knowing where
note onsets are and to which part they belong is useful for solving several real-world
applications, like audio-to-score alignment, informed source separation, and automatic
music transcription.

Recent work on cross-modal lip reading recognition [21] shows the benefit of exploit-
ing video for a task that has traditionally been solved only using audio. In [57], note onset
matches between a synchronized score and a video are used to automatically link audio
tracks and musicians appearing in a video. The authors show a strong correlation be-
tween visual and audio onsets for bow strokes. However, while this type of visual onset is
suitable for strings, it does not correlate well to wind instruments. In our work we make
an important step towards visual onset detection in realistic multi-instrument settings
focusing on visual information from clarinets, which has sound producing interactions
(blowing, triggering valves, opening/closing holes) representative for wind instruments
in general.

Our contributions are as follows: (i) defining the visual onset detection problem, (ii)
building a novel 3D convolutional neural network (CNN) [92] without temporal pooling
and with dedicated streams for several regions of interest (ROIs), (iii) introducing a novel
audiovisual dataset of 4.5 hours with about 36k annotated events, and (iv) assessing the
current gap between vision-based and audio-based onset detection performance.

6.1. RELATED WORK
When a single instrument is recorded in isolation, audio onset detectors can be used.
A popular choice is [80], which is based on learning time-frequency filters through a
CNN applied to the spectrogram of a single-instrument recording. While state-of-the-
art performance is near-perfect, audio-only onset detectors are not trained to handle
multiple-instrument cases. To the best of our knowledge, such cases also have not been
tackled so far.
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A multimodal approach [11] spots independent audio sources, isolate their sounds
and is validated on four audiovisual sequences with two independent sources. As the
authors state [11], their multimodal strategy is not applicable in crowded scenes with
frequent audio onsets. Therefore, it is not suitable when multiple instruments mix down
into a single audio track.

A cross-modal approach [18] uses vision to retrieve guitarist fingering gestures. An
audiovisual dataset for drum track transcription is presented in [41] and [27] addresses
audiovisual multi-pitch analysis for string ensembles. All works devise specific visual
analysis methods for each type of instrument, but do not consider transcription or onset
detection for clarinets.

Action recognition aims to understand events. Solutions based on 3D convolutions
[92] use frame sequences to learn spatio-temporal filters, whereas two-streams networks
[35] add a temporal optical flow stream. A recurrent network [29] uses LSTM units on
top of 2D convolutional networks. While action recognition is similar to visual-based
acoustic timed events detection, there is a fundamental difference: action recognition
aims to detect the presence or absence of an action in a video. Instead, we are interested
in the exact temporal location of the onset.

In action localization [67] the task is to find what, when, and where an action hap-
pens. This is modeled with a “spatio-temporal tube”: a list of bounding-boxes over
frames. Instead, we are not interested in the spatial location; we aim for the temporal
location only, which due to the high-speed nature of onsets reverts to the extreme case
of a single temporal point.

6.2. PROPOSED BASELINE METHOD
Together with our dataset, we offer a baseline model for onset detection. The input for
our model is a set of sequences generated by tracking a number of oriented ROIs from a
video of a single clarinetist (see Figure 6.1). For now, as a baseline, we assume that in case
of a multi-player ensemble, segmentation of individual players already took place. The
ROIs consider those areas in which the sound producing interactions take place: mouth,
left/right hands, and clarinet tip, since they are related to blowing, fingering, and lever
movements respectively.

Each sequence is labeled by determining if a note has started during the time span
of the reference frame. A sequence consists of 5 preceding frames, the reference frame,
and 3 succeeding frames, forming a sequence of 9 consecutive frames per ROI. We use a
shorter future temporal context because the detector may otherwise get confused by an-
ticipation (getting ready for the next note). Examples of onset and not-an-onset inputs
are shown in Figure 6.2.

Our model relies on multiple streams, one for each ROI. Each stream consists of 5
convolutional layers (CONV1-5), with a fully-connected layer on top (FC1). All the FC1
layers are concatenated and linked to a global fully-connected layer (FC2). All the layers
use ReLU units. The output consists of two units (“not-an-onset” and “onset”). Figure 6.3
illustrates our model and, for simplicity, it only shows one stream for the left hand and
one for the right one.

To achieve the highest possible temporal resolution, we do not use temporal pooling.
We use spatial pooling and padding parameters to achieve slow fusion throughout the 5
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Figure 6.1: Raw video frames example.

frame m - 5 frame m + 3frame mframe n - 5 frame n frame n + 3

onset sequence not-an-onset sequence

raw frame

oriented
ROIs

Figure 6.2: Onset and not-an-onset input sequence examples with 2 ROIs from 3 frames.

convolutional layers. We aim to improve convergence and achieve regularization using
batch normalization (BN) [47], L2 regularization and dropout. Since we use BN, we omit
the bias terms in every layer including the output layer.

We use weighted cross-entropy as loss function to deal with the unbalanced labels
(on average, one onset every 15 samples). The loss is minimized using the RMSprop al-
gorithm. While training, we shuffle and balance the mini-batches. Each mini-batch has
24 samples, half of which are not-an-onset ones, 25% onsets and 25% near-onsets, where
a near-onset is a sample adjacent to an onset. Near-onset targets are set to (0.75,0.25),
i.e., the non-onset probability is 0.75. In this way, a near-onset predicted as onset is
penalized less than a false positive. We also use data augmentation (DA) by randomly
cropping each ROI from each sequence. By combining DA and balancing, we obtain
epochs with about 450,000 samples. Finally, we manually use early-stopping to select
the check-point to be evaluated (max. 15 epochs).

6.3. EXPERIMENTAL TESTBED: CLARINETISTS FOR SCIENCE

DATASET
We acquired and annotated the new Clarinetists for Science (C4S) dataset, released with
this chapter.1 C4S consists of 54 videos from 9 distinct clarinetists, each performing

1For details, examples, and downloading see http://mmc.tudelft.nl/users/alessio-bazzica#
C4S-dataset

http://mmc.tudelft.nl/users/alessio-bazzica#C4S-dataset
http://mmc.tudelft.nl/users/alessio-bazzica#C4S-dataset
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Figure 6.3: Proposed model based on 3D CNNs, slow fusion, and multiple streams (one for each ROI). LH and
RH indicate the left and right hand streams respectively.
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method Split 1 Split 2 Average
informed random baseline 27.4 19.6 23.5
audio-only SuperFlux [16] 82.8 81.3 82.1

audio-only CNN [80] 94.3 92.1 93.2
visual-based (proposed) 26.3 25.0 25.7

Table 6.1: F-scores with a temporal tolerance of 50 ms.

3 different classical music pieces twice (4.5h in total). The videos have been recorded
at 30 fps, about 36,000 events have been semi-automatically annotated and thoroughly
checked. We used a colored marker on the clarinet to facilitate visual annotation, and
a green screen to allow for background augmentation in future work. Besides ground-
truth onsets, we include coordinates for face landmarks and 4 ROIs: mouth, left hand,
right hand, and clarinet tip.

In our experiments, we use leave-one-subject-out cross validation to validate the
generalization power across different musicians (9 splits in total). From each split, we de-
rive the training, validation and test sets from 7, 1, and 1 musicians respectively. Hyper-
parameters, like decaying learning rate and L2 regularization factors, are manually ad-
justed looking at f-scores and loss for train and validation sets. We compute the f-scores
using 50 ms as temporal tolerance to accept a predicted onset as true positive. We com-
pare to a ground-truth informed random baseline (correct number of onsets known) and
to two state-of-the-art audio-only onset detectors (namely, SuperFlux [16] and CNN-
based [80]).

6.4. RESULTS AND DISCUSSION

During our preliminary experiments, most of the training trials were used to select op-
timization algorithm and suitable hyper-parameters. Initially, gradients were vanishing,
most of the neurons were inactive, and networks were only learning bias terms. After
finding hyper-parameters overcoming the aforementioned issues, we trained our model
on 2 splits.

By inspecting the f-scores in Table 6.1, we see that our method only performs slightly
better than the baseline, and that the gap between audio-only and visual-based meth-
ods is large (60% on average). We investigated why and found that throughout the train-
ing, precision and recall often oscillate with a negative correlation. This means that our
model struggles with jointly optimizing precision and recall. This issue could be allevi-
ated by different near-onsets options or by formulating a regression problem instead of
a binary classification one.

When we train on other splits, we observe initial f-scores not changing throughout
the epochs. We also observe different speeds at which the loss function converges. The
different behaviors across the splits may indicate that alternative initialization strategies
should be considered and that the hyper-parameters are split-dependent.



6.5. CONCLUSIONS

6

111

6.5. CONCLUSIONS
We have presented a novel cross-modal way to solve note onset detection visually. In
our preliminary experiments, we faced several challenges and learned that our model
is highly sensitive to the optimization algorithm and hyper-parameters. Also, using a
binary classification approach may prevent the joint optimization of precision and re-
call. To allow further research, we release our novel fully-annotated C4S dataset. Beyond
visual onset detection, C4S data will also be useful for clarinet tracking, body pose esti-
mation, and ancillary movement analysis.
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7
REFLECTIONS AND

RECOMMENDATIONS

The aim of this thesis is to contribute to the continuous innovation of digital music plat-
forms, which have become the primary means for consuming music. As explained in
Chapter 1, users can benefit from music recordings that are more informative, accessi-
ble in a non-linear fashion and from multiple perspectives [43] [66]. One way of pursu-
ing this objective is looking broader than what audio-only Music Information Retrieval
(Music IR) offers. In particular, a way to open up to new applications, and innovate the
existing ones, is exploiting the visual channel of a recording as additional source of in-
formation.

The main challenge we see when considering visual data for Music IR is the fact that
music videos are often unstructured and unconstrained—i.e., the real-world data case.
We also believe that, if we do not design from scratch algorithms that address these chal-
lenges, we might end up having solutions that will never be used in practice. In this the-
sis, we therefore expanded the state-of-the-art following two approaches. One approach
focused on videos depicting a single musician and aimed to extract musically relevant
information for any type of instrument and independently by the recording conditions.
The second approach considered instead the case of large ensembles, which requires
ways of understanding the scene in order to segment out information belonging to each
distinct musician. To this end, we experimented on symphonic orchestra videos, since
we found them to be a good representative of the typical real-world data challenges in
vision-based Music IR.

We presented our insights and achievements in the five technical core chapters of
this thesis. The works in Chapter 2 and Chapter 6 belong to the first approach — i.e., anal-
ysis of single musician videos. Chapter 2 described a lightweight feature named Motion
Orientation Histograms (MOHs), which aims to represent musicians’ movements over
time. By carrying out an unsupervised analysis experiment on jam session recordings,
we showed that MOHs novelty curve peaks correlate well with the structural bound-
aries of the analyzed piece, even when timbre and instrumentation do not vary much
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throughout the piece—a typical case in which audio-only analysis may not be sufficient
to reveal the structure of a piece. MOHs are suitable for automatic segmentation of a
music piece, potentially allowing non-linear access scenarios (e.g., jump to different sec-
tions like intro, solo and chorus). While lightweight and instrument-independent, fur-
ther investigations have shown that MOHs are unfortunately not robust to camera mo-
tion and only focus on global motion aspects. Taking these limitations into account, we
moved to a more complex approach, which involves tracking of regions of interest (ROIs)
and supervised analysis using a novel deep learning method (Chapter 6) based on pur-
posely removing temporal pooling and on combining multiple convolutional streams
(one for each ROI). Differently from MOHs, we focused on a specific instrument family,
since different instruments involve different sound producing movements (e.g., pluck-
ing, bowing, finger movements) that require a specific solution. More specifically, we
aimed to extract note onsets from woodwind and brass player videos, focusing on clar-
inetist recordings as a case study. We created and publicly shared a new dataset, which
has been designed to allow increasingly complex experiments. For instance, the uniform
background can be replaced with static images or even with a background video, in order
to test the robustness in presence of clutter. Occlusions can be simulated adding virtual
(moving) occluders. Markers have been used to extract the ROI positions ground-truth
and hence allow the training of human body parts detectors. The results reported in
Chapter 6 showed that the proposed method only works on par with a ground-truth in-
formed baseline. However, we are confident that further research can lead to improved
performance, which would be relevant since traditional Music IR tasks like sound source
separation, automatic music transcription, and performance-to-score synchronization
can benefit from knowing when note onsets occur for each individual performing musi-
cian.

The second approach followed in this thesis was to consider videos of large ensem-
bles and, to the best of our knowledge, we were the first to address this challenging case.
Our main goal was to build a framework that extracts musician-wise annotations from
unconstrained videos, spanning multiple moving cameras and a single static one. Such
a framework must spot musicians across shots, allow to easily link their identities to
the instrumental part they perform, and segment the scenes to allow further analysis
(e.g., note onsets detection, detecting active musicians). Before addressing this challeng-
ing problem, we first investigated if extracting musician-wise annotations is even worth
pursuing. In Chapter 3, we presented an experiment conducted on synthetic data to
assess whether sequences of playing/non-playing (P/NP) labels extracted for each per-
formed instrumental part can be used to synchronize a video to a symbolic score. The
results showed the power of aggregating annotations over time and across musicians: in
fact, we showed that if P/NP sequences are extracted from a performance recording, a
coarse temporal alignment can be computed, even in presence of missing or mistaken
P/NP labels. Also, we realized that P/NP annotations, regardless of how they are derived
(e.g., a synchronized score, a video, or even from isolated audio recordings), can be ex-
ploited for non-linear access scenarios, for instance allowing users to easily skip to the
next “tutti” or “solo” section. Then, we moved forward proposing a possible framework
for musician-wise P/NP detection. In Chapter 4, we first described the characteristics
of symphonic video recordings and then presented a semi-automatic annotation sys-
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tem that effectively and efficiently combines automatic algorithms and human annota-
tion. More specifically, we presented a possible way to segment the scene by detecting
faces and estimating the head poses to extract the corresponding upper body bounding
boxes. We studied different state-of-the-art face clustering methods, and then used a
manual labeling step to link face clusters to musician identity labels and discard clus-
ters linked to audience and conductor face images. Due to the lack of datasets and the
complexity of the data we treated, we used image clustering and again human annota-
tion to efficiently perform P/NP labeling. By simulating the human annotation process,
we conducted several experiments to identify the open challenges and the limitations
of the proposed method. We learned that by following such a modular system design, it
is important to reduce errors in the first steps as much as possible. For this reason, we
recommended that both video face detection and clustering must be improved to avoid
poor P/NP labeling performance. We therefore narrowed down and in Chapter 5 we pre-
sented a method that, by exploiting the quasi-static scene (QSS) properties of symphonic
orchestra videos, generates face clusters with high precision and more efficiently than
the competing methods. Namely, we proposed a novel face clustering approach that
benefits from (quasi-)stationary spatial relationships between people. Our method ex-
ploits an automatically built scene map, through which overlapping views are selected
for a sub-graph matching step that aims to link face tracks across shots. Note that this
approach avoids quadratic complexity, typical of existing face clustering solutions, since
there is no need to compare all the face track pairs of a video. Finally, we also presented
a simple graph pruning strategy, with which one can tune the algorithm towards either
face clusters purity or a reduced number of face clusters. By integrating this method in
the framework of Chapter 4, the face clustering errors can be reduced making the face
labeling step more efficient; we therefore claim that the QSS algorithm can make the
musician-wise annotation more accurate. Also, by exploiting the QSS method alone to
label musicians’ identities, we can already deploy relevant Music IR applications. For in-
stance, the viewpoint can be switched automatically following (and zooming on) a mu-
sician selected by the user. Even more interestingly, the musician identity can be linked
to an isolated audio track which can be automatically played when a user taps on a mu-
sician’s face appearing in the video.

In summary, in this thesis we strove to find vision-based Music IR methods that are
possibly applicable to any musical instrument and any type of video recordings. Our
outcomes show the benefit of tackling the challenges of real-world data: as opposed
to oversimplified data, unstructured and unconstrained music videos reveal concrete
opportunities to deploy new applications on digital music platforms. Still, the vision-
based Music IR field remains a largely unexplored territory. In the next section, we share
what is our view on the next steps to be taken.

7.1. THE NEXT STEPS
Throughout the chapters, we have learned that the problem of enriching the user expe-
rience on digital music platforms by exploiting vision-based methods must be attacked
from different perspectives. Namely, we should think of the general design of a musician-
wise annotation framework in order to find the best way to link annotations of a sin-
gle musician to the identity label and/or to the corresponding instrumental part name.
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More specifically, we should investigate more the problem of parsing the scene by ad-
dressing face detection, scene segmentation, and face clustering. In parallel, we should
also discover which are the visual features and annotations that allow us to solve Music
IR tasks and that can be reliably extracted from the visual channel of a single musician’s
recording.

7.1.1. MUSICIAN-WISE ANNOTATION FRAMEWORK
In Chapter 4, we proposed a possible design for a musician-wise annotation framework.
We pursued a semi-automatic strategy that combines face detection, face clustering and
manual image clusters labeling. In this way, we reduced the number of errors that prop-
agate throughout the pipeline in an uncontrolled manner, showing that these errors lead
to inaccuracies which become hard to fix. This way of proceeding is not the only possi-
ble option. For instance, musicians can be detected in different ways, e.g., by combining
upper body and face detectors. Face tracks can be extracted independently or jointly.
The face clustering algorithm can be tuned either towards precision or recall. Then, re-
garding the human intervention, we can investigate further where and how it should be
integrated in the system. Also, we should study how to possibly perform the correction
tasks. How to instruct human annotators? How to optimally design the user interface for
the correction task?

Another direction that is worth investigating is the design of fully-automatic annota-
tion systems, which are appealing since they scale well on large music collections. Cur-
rently, this type of solutions suffers from two major problems. First, they can only per-
form on a best-effort basis, hence leading to an overall accuracy that may not be suffi-
cient for commercial applications. Second, data-driven approaches, which are typically
exploited in fully-automatic systems, are known to require large amounts of annotated
data to perform well on unseen samples. Addressing these issues is relevant, and may
lead to better algorithms that can be incorporated in semi-automatic systems as well.
This requires that more multimodal music datasets are created and publicly shared, and
that the new datasets are as rich as possible—both in terms of annotations and also of
recording conditions (e.g., varying camera angles, allowing background replacement).

Finally, note that improving semi-automatic frameworks is also beneficial to improve
fully-automatic ones. In fact, manual verification (and correction) of automatic output
is applied in several commercial products and it is used to extend datasets. For instance,
a popular online translation tool allows users to correct and suggest better translations.
Similarly, social network users can correct the automatic face detection output on the
pictures they upload.

7.1.2. PARSING THE SCENE
Unstructured music videos require that musicians are found, recognized and tracked.
Additional annotations may be needed, for instance to be able to link the identity of a
musician to the instrumental part she performs. People that should be excluded from
the musician-wise annotation step, like the audience, should be recognized as such. Fi-
nally, the extracted musician face tracks should be used to segment out a clip to be used
for further analysis. The overall problem remains an open challenge in the computer vi-
sion field: it would still be very hard to address it even using recent deep learning meth-
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ods.
The first problem we experienced in the context of this challenge is at the musi-

cian detection step. The video face detectors we used suffer of limited recall, especially
with extreme head poses. This directly affects the timeline coverage of the annotation
process—i.e., the annotations are only available for a small portion of the recording.
Also, for some applications, it can make sense to also find musicians appearing from
the back, for which even the most sophisticated face detector would not work. A logical
alternative are then human body detectors; however, when we tested them, we found
them computationally expensive and performing even worse than face detectors. Our
guess is that such detectors cannot cope with classical music players, because musicians
typically dress in black and their instruments partially occlude the upper body regions of
the video frames. Another option to improve the video face detection recall is to exploit a
scene map, like that computed in our QSS algorithm. The map can then be used to infer
where a face is expected to be present in a frame given the annotations that are found on
other visually overlapping shots.

The second problem that requires further investigation is the scene segmentation.
In Chapter 4 we presented a heuristic which calculates size and position of rectangular
bounding boxes using the estimated head pose angles. Alternatively, if the played in-
strument is first recognized, one could adapt the bounding box to only cover relevant
areas for that specific musician. Another option is using body pose detectors; however,
as explained above, existing ones may not perform sufficiently well on the classical mu-
sic videos. Finally, our QSS video face clustering can be further improved. For instance,
overlapping views with large camera baselines are usually not detected and the lower
recall in the computed scene map directly affects the face clustering recall.

7.1.3. VISUAL FEATURES AND ANNOTATIONS
Once the scene is segmented, the annotation framework must analyze multiple regions
of the video that belong to each detected musician. The goal at this step is extracting
features and annotations that are musically relevant. Throughout this thesis, we have
seen two major types of annotations we can extract (low-level and semantic ones), each
of which may have positive characteristics and limitations.

In Chapter 2, an instrument-generic and low-level descriptor was presented (namely,
MOHs). The main difficulty when thinking of this type of descriptors is that it is hard to
make them invariant across viewpoints and at different spatial scales. We also learned
that capturing fine spatio-temporal details that matter is challenging, like in the case
of fast finger movements in small regions of interest, which are not always sufficiently
detailed, especially in crowded overview shots. Still, we find instrument-generic low-
level descriptors relevant, since they have shown to correlate well with expressive cues,
enabling novel automatic music transcription scenarios (e.g., transcription of accents
and phrasing).

To address the aforementioned limitations, we moved to semantic descriptors, as
done with P/NP labels in Chapter 3 (instrument-generic) and note onsets in Chapter 6.
Identifying other annotations that have a counterpart in (symbolic) music scores has
shown to be relevant, since it can potentially improve existing performance-to-score
synchronization, sound source separation and automatic music transcription algorithms.
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One factor that may limit the identification of relevant visual features and annotations
is the fact that transfer learning approaches can hardly be used, especially when fine
temporal resolution is required (e.g., note onsets detection). Transfer learning would al-
low us to exploit pre-trained classifiers, hence coping with the lack of annotated datasets
for vision-based Music IR. For instance, one could investigate ways to reuse (part of) a
deep network trained on large action recognition datasets. Typically, this requires to only
(re-)train a few layers—which is faster than training from scratch, since there is no need
to learn new low- and mid-level features. Unfortunately, transfer learning requires that
the input data shares compatible characteristics across tasks, but this is not the case for
popular computer vision and vision-based Music IR problems. In fact, in the former case
several methods rely on temporal pooling and reduced video frame rates, which would
be harmful for musician videos since the movements performed by musicians have a
fine spatio-temporal structure (as discussed in Chapter 6). For these reasons, finding
ways to exploit other datasets and other vision tasks is another relevant direction to in-
vestigate.

7.2. CONCLUSION
In this chapter, we have summarized contributions and findings reported in this the-
sis. The unstructured and unconstrained nature of the available music video collections
pushed us to think more of how users can benefit from such a resource, which is still a
largely unexploited asset. As shown by the applications we envisioned, analysis of mu-
sic videos can enable novel applications relevant to the digital music market. We also
highlighted the limitations of the approaches we proposed, and we suggested the next
steps for vision-based Music IR. Our proposed research agenda is rich, and it requires
that several multi-disciplinary experiments are carried out. We are confident that the
light that this thesis has shed on the topic will help both Computer Vision and Music IR
researchers to advance the state-of-the-art of vision-based Music IR.
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